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Abstract
This dissertation comprises of three essays on the impacts of child’s health on maternal labor
market outcomes and the consequence of teen childbearing on child’s health outcomes in the United
States. The rich set of differences in early childhood development consequentially tie the health of a
child to different socioeconomic outcomes of a mother. Understanding how child’s health may impact
a mother’s career decisions is crucial as it can inform policies affecting workplace leave guidelines.
Thus, it is also of prime importance to study potential determinants of child health. Since maternal
age at birth may play an important role in deciding child’s health condition, I further examine the
effect of having a teen mother on an individual’s health both in child and adulthood.
In the first chapter, I test the impact of early childhood chronic health conditions on mother’s
labor market outcomes over time. Combining data from the National Longitudinal Survey of Youth
from 1979-2014, I estimate event-study models comparing mothers of healthy children to mothers
who have children with some health conditions up to ten years after childbirth. To better account
for background characteristics that may increase the odds of having a child with health conditions, I
have employed the method of entropy balance matching. Additionally, I have adjusted for bias in self-
reporting by using the responses of other mothers who have children with similar health conditions
as instruments. The results suggest that there is no significant gap on the extensive margin between
the mothers with chronically ill children and the mothers with healthy children. Conditional on
being employed, there is a 5.63% gap in annual hours worked, and 9.07% gap in annual earnings.
The magnitude of the negative effect on earnings becomes more profound at 10.07% when only severe
health conditions are considered compared to the case when all chronic conditions are taken into
account. Among the married women, the gap in participation is almost 5.7 percentage points with
a significant gap of 12.66% in earnings. The results further indicate that maternal hours worked
decline both for time and cost intensive health conditions of the child.
ii
The second chapter is a joint work with Devon Gorry. We analyze the effects of having
a teen mother on child health outcomes from birth to young adulthood. Using data from the
National Longitudinal Survey of Youth from 1979-2014, we use an empirical strategy that relies on
miscarriages to put bounds on the causal impacts of teen childbearing. Results indicate that there is
no evidence that teen childbearing has negative impacts on children, and there may be some cases of
positive effects. In addition, children of teen mothers report fewer diagnosed disorders and conditions
requiring medical attention. There is no clear evidence that insurance coverage or utilization are
driving the suggestive health improvements in children of teen mothers, but we cannot rule out this
avenue.
In the third chapter, I evaluate the differential impact that children’s chronic health condi-
tions have on mothers’ labor market outcomes across child gender. I employ the method of event
study approach using multiple data from National Longitudinal Survey of Youth. Results indicate
that although gender balance across health conditions shows male children to be more likely to
suffer from health conditions, mothers of girls who have chronic health conditions are less likely to
be employed, and work for fewer hours than mothers who have healthy girls. However, I do not
find any gap in maternal outcomes in case of the male children. These results may suggest that the
marginal girl that gets diagnosed has more severe conditions compared to the marginal boy child.
The preliminary analyses open the door for future exploration of the possible mechanisms.
iii
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Chapter 1
Effects of Children’s Chronic
Health Conditions on Maternal
Career Trajectories
1.1 Introduction
The rich set of differences in early childhood development consequentially tie the health of
a child to the labor market outcomes of a mother. Children’s chronic health conditions may affect
mothers’ early life work outcomes and leave a lasting impact on their careers, even in the long term.
The adverse impacts of one’s own health shock on labor market outcomes have been well documented
in the literature.1 However, the body of knowledge on the spillover effects of children’s health shocks
within families is limited.2
This paper contributes to the literature in two main respects. First, it adds to the growing
literature of spillover effects of health shocks within families by providing both short-term and long-
term estimates of children’s chronic health conditions on maternal work outcomes in the United
1 See, e.g., Blau et al. (2001); Dano (2005); Garcı´a-Gómez (2011); Garcı´a-Gómez et al. (2013); Halla and
Zweimüller (2013); Jones et al. (2016); Jones et al. (2020); Lenhart (2019); Pelkowski and Berger (2004); Smith
(2009); Wagstaff (2007); Zucchelli et al. (2010)
2 There is a strand of literature that documents the association between children’s serious health shocks and
parents’ work disruption, and mental health. Some of the papers among many include Bona et al. (2014); Lindahl
Norberg and Boman (2008); Meltzer and Moore (2008); Rosenberg et al. (2013); Winston et al. (2002); Woodgate
and Degner (2002).
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States for up to ten years post-childbirth. Second, this paper speaks to the literature that tries to
decompose the competing demands that a child’s health condition lays on the mother in terms of
her time versus income constraints.
The percentage of children in the United States aged three to seventeen years with a devel-
opmental disability increased from 16.2% in 2009–2011 to 17.8% in 2015–2017 (CDC, 2018).3 This
increase in the prevalence of childhood disability can have significant consequences on the mothers’
socio-economic outcomes.4 Given how critical the problem is, and the dearth of evidence, it is es-
sential to find both short-term and long-term estimates of the effects of children’s chronic health
conditions on mothers’ employment and earnings trajectories.
In this paper, I compare the career trajectories of the mothers who have children with chronic
health conditions (treatment group) to the mothers who have healthy children (control group).5 I
use an event study approach to examine the impact of children’s health on maternal labor market
outcomes in the United States. The majority of the past literature have used cross-sectional data
to understand the spillover effects on the mothers’ careers.6 However, to understand the impact on
mothers’ work, it is crucial to consider both the short-term adjustments and long-term effects on
their career trajectories. I leverage the long panels of survey data from the National Longitudinal
Survey of Youth (NLSY79) and NLSY Child and Youth Survey for 1979-2014 to exploit the impact
of children’s health on mothers’ employment, annual hours worked, and annual earnings over ten
years following childbirth.
For the estimates to be causal, the treatment and the control group mothers should be
comparable in the absence of children’s chronic health conditions. One empirical challenge is the
correlation between a child’s health condition and parental characteristics. Thus, I control for a set
of observable maternal characteristics. Moreover, if children’s health conditions can be determined
during pregnancy, the no-anticipation condition for the event study approach may cease to hold. I
therefore try to exclude those health conditions that can be determined pre-birth.7
To better account for selection into a child’s health condition, as a robustness check, I also
3 The main findings of the study are available here: Increase in Developmental Disabilities Among Children in
the United States. Accessed August 2020. This may reflect improved awareness, increases in screening, changes in
diagnosis, or access to health care.
4 This may reflect improved awareness, increases in screening, changes in diagnosis, or access to health care.
5 I also report the average difference in outcome variables over the ten years post-birth between these two groups
of mothers.
6 See, e.g., Gould (2004); Powers (2001); Wasi et al. (2012)
7 Table 1.1 in appendix gives a short overview of the conditions which can be determined by methods of maternal
blood screen, and ultrasound.
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reproduce the event study estimates after applying the entropy balance (EB) matching technique
to pre-process the data prior to any parametric modelling. Compared to other common matching
methods such as coarsened exact matching, the EB method allows more flexible weighting across
units and avoids dropping observations. Additionally, to alleviate concerns regarding measurement
error in self reported data, I use the average responses of other mothers who have children with similar
illnesses as instruments. Using this instrument and a two-way fixed effects difference-in differences
specification, I decompose the effects of children’s time-intensive and cost-intensive health conditions
on mothers’ employment and hours worked.
Finally, I conduct a series of extensions, where I compare the outcomes of the treatment and
the control group for different sub-populations of mothers. The first group deals with mothers who
have children with only severe health conditions.8 The second group is divided into two subgroups
depending on whether the child suffered from physical or mental limitations.9 The third and the
fourth group of mothers are those who reported being married or single before childbirth.
The main results suggest that children’s chronic health conditions lead to no statistically
significant differences on average in the labor force participation between the treatment and control
group mothers. However, conditional on being employed, the treatment group mothers earn about
9.07% less and work for almost 5.63% fewer hours on average compared to the mean earnings and
working hours of the control group mothers in the first ten years after childbirth.10 The difference
in the annual hours worked and annual earnings between the two groups is not transient. The gap
in the hours worked is persistent from the first year until the tenth year after childbirth although
not statistically significant at each event time.
Having a child with chronic health conditions may increase the mother’s opportunity cost
of working. By substitution effect, she will substitute home production for labor as the benefits
of producing childcare goes up at the margin. But childhood illnesses can be expensive too. This
increased financial need may compel the mother to maintain her paid employment. In this paper, I
find the mothers to lower work hours both for the time-intensive and cost-intensive health conditions
of the child indicating a stronger substitution effect.
Although not statistically significant, there is still a difference of 2.1 percentage points in
8 The definition of severe health conditions is discussed in detail in Section 1.6 under subsection 1.6.1.
9 The definitions of physical health conditions and mental health conditions are discussed in the data section
(Section 3).
10 Earnings are sum of wages and salaries. All earnings are in 2010 US $.
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labor force participation even in the tenth year after childbirth. To check if insurance benefits drive
any of this difference, I compare the treatment and the control group mothers for children who report
being on Medicaid or Supplemental Security Income (SSI).11 I do not find any evidence of significant
differences in the participation rate for either of these groups. However, since these results are from
two small subsamples, so it is uncertain if health insurance coverage, or welfare receipts drive any
changes in the participation rate in the main sample.
After employing the method of entropy balance matching, the results indicate that condi-
tional on being employed, the mothers of children with health conditions earn around 8.24% less
and work for around 5.01% fewer hours in comparison to their counterpart. After instrumenting
for self-reporting, I find that mothers, conditional on being employed, lower their hours worked in
between four hundred to five hundred annual hours approximately for cost and time intensive health
conditions respectively.
Concentrating only on the severe health conditions, the results show that conditional on
working, the earnings of the treatment group mothers are almost 10% less compared to the mean
earnings of the control group mothers. For the subsample of married mothers, results indicate that
on the extensive margin, the mothers who have children with chronic conditions are around 5.7
percentage points less likely to work. On the intensive margin, they reduce their working hours by
approximately 7.95%, and earn almost 12.66% less compared to the mean outcomes of the mothers
who have healthy children. This bigger and significant gap in participation rate can be attributed
to the fact that married mothers can share the responsibility of caring for an unhealthy child with
their partners. Results also suggest a significant negative association between children’s physical
health conditions and the average gaps in mothers’ participation and earnings. By contrast, I find
no significant gaps in annual earnings, or participation for mothers who have children with mental
health conditions.
The rest of the paper is organized as follows. In Section 2, I highlight the existing literature
on this topic. In Section 3, I describe the data, and explain the empirical strategies in Section 4.
The empirical findings are presented in Section 5. In Section 6, I show the results from various
extensions. Section 7 concludes and summarizes the main results of the paper.
11 Appendix A and B discuss Medicaid and SSI briefly.
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1.2 Previous Research
1.2.1 Children’s Health Conditions and Mothers’ Work Outcomes
There has been a growing literature studying the spillover impacts of adverse health shocks
on other family members.1213 A child’s illness or disability can be a major source of health shock
that can affect the parents’ early career life. This effect may not be restricted only to the short-term
but can also entail a lasting impact on the parents’ employment and earnings trajectories in the long-
term. These long-lasting effects in turn, can further worsen the life cycle outcomes for the child who
already has poor predisposed health conditions. Prior research shows evidence that children coming
from lower socio-economic backgrounds are associated with worse health and academic outcomes
compared to those who belong from better-off families (Aber et al., 1997; Brooks-Gunn et al., 1997;
Lacour and Tissington, 2011). These negative impacts on child’s health can worsen if the health of
the child limits a family’s capacity to generate income. Also, women, in part, practice their motherly
identity by shouldering the majority of the direct care for their children (Walzer, 1996; Yavorsky
et al., 2015). Given the lack of causal evidence and the importance of the topic, it is crucial to
produce both short-term and long-term estimates of the effect of having a child with low health
endowment on the mother’s labor market outcomes.
The empirical literature has studied at length the relationship between a child’s health and
mother’s labor force participation. The evidence shows a negative association between child’s illness
and mothers’ participation, hours worked, and earnings (Anderson et al., 2007; Breslau et al., 1982;
Cidav et al., 2012; Corcnan et al., 2005; Gould, 2004; Kuhlthau and Perrin, 2001; Kvist et al.,
2013; Parish et al., 2004; Porterfield, 2002; Salkever, 1982; Stabile and Allin, 2012; Barbara L Wolfe
and S. C. Hill, 1995). For children with special needs from low-income families, both out of pocket
expenses and foregone earnings represent a substantial burden for the mothers (Lukemeyer et al.,
2000). A study conducted on single mothers, in particular, found that extending health insurance
for the children of these mothers would induce them to seek employment (Barbara L Wolfe and S. C.
Hill, 1995). However, the majority of these studies have used cross-sectional data. One disadvantage
of using cross-sectional data is that one cannot use it to analyze any behavior over time. The timing
12 Some papers have looked into the impact of adverse health conditions on spouses’ labor supply (Braakmann
(2014); Fadlon and Nielsen (2015); Meyer and Mok (2019).
13 Hilger (2016) looks at the impact of parental layoffs and income losses on children’s long-term outcomes.
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of a snapshot may not be representative, and therefore results could be driven by selection.
A recent strand of literature has examined the long run impacts of child’s health on maternal
outcomes. In one of the earliest research paper, Powers (2003) using data from the Survey of Income
Program Participation found an immediate drop in participation and hours worked for mothers
of disabled children. However, a couple of years later, they were not more likely to drop out.
These results suggest that the impacts of children’s illnesses may be short-lived. Frijters et al.
(2009) using handedness as an instrument for child development concluded that mothers of poorly
developing children are more likely to remain at home. Burton et al. (2017) found that Canadian
married mothers of children with disabilities are less likely to work and work for fewer paid hours
per week.14 Danish mothers of children suffering from ADHD experience lower labor supply on the
intensive margin compared to other mothers (Kvist et al., 2013). In a recent paper, using Danish
data, Gunnsteinsson and Steingrimsdottir (2019) show that mothers of disabled children earn 13%
less than other mothers.15 Some very recent studies have looked into the effects of the first child’s
birth on maternal labor market outcomes.16 Others have studied the impact of severe health shocks
of children on mothers’ work outcomes.1718
1.2.2 Competing Demands of Children’s Health Conditions On
Mothers’ Work Outcomes
Another strand of literature highlights the opposing effects of different child health condi-
tions on the parents depending upon time and cost requirements. On the one hand, some children
may suffer from illnesses that demand extra amounts of caregiving time (Haveman et al., 1997; Mc-
Cann et al., 2012). This additional time requirement may incur a negative impact on the mothers’
labor supply. On the other hand, there exist illnesses that require expensive medication or treatment
or use of assistive equipment (Newacheck et al., 2004). This increased financial need may lead the
parents to work more. Thus, it becomes crucial to understand the consequence of these competing
demands that a child’s health can bring upon parents’ work decisions. Maternal work hours and
participation are more likely to get negatively affected for the women with children suffering from
14 The authors did not notice any significant changes in work outcomes for fathers.
15 The authors find fathers of disabled children to earn 3% less than other fathers.
16 See, e.g., Kleven et al. (2019); Sieppi and Pehkonen (2019)
17 Using Finnish data, Costa-Ramón (2020) found that five years post child’s severe hospitalization can lead to a
drop of maternal earnings by approximately 7.5%.
18 Breivik (2020) shows a significant and persistent reduction in labor income and employment, and increased use
of social security benefits for mothers whose children experience severe health shocks using Norweigian data.
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time-intensive or unpredictable illnesses (Gould, 2004).19 Busch and Barry (2007) found that par-
ents of children with mental health disorders are more likely lower participation, and spend more
time arranging for child’s care than other parents.
1.2.3 Difference in Types of Children’s Health Conditions
Children’s health limitations can either be physically or mentally challenging or, in some
extreme cases, both. However, a bulk of literature investigating this topic has mostly bundled the
health conditions together. This grouping may obscure the difference that exists within types of
diverse health conditions. The incapability to segregate different types of health conditions can
underestimate the welfare costs for a family with a sick child (Gould, 2004). One of the forerunners
in investigating these differences was Wasi et al. (2012). They have used 2000 US Census data
to conclude that children’s physical disabilities were associated negatively with married mothers’
labor force participation and with employed mothers’ working hours. The authors did not find any
significant associations with children’s emotional or cognitive disabilities.20 The pattern of childhood
disability has been changing over the past few decades. Neurodevelopmental conditions are replacing
physical health conditions fast (Halfon et al., 2012).21 It also needs to be noted that physical health
conditions get identified earlier in life than most mental health conditions (Wittmer et al., 1996). As
a result, there may be a possibility of finding the impact of child’s physical disabilities sooner after
childbirth. Montes and Halterman (2008) have specifically looked at children with autism and have
concluded that autism spectrum disorder is associated with a 14% average loss in parental earnings.
1.2.4 Bias In Self-Reported Data
Another concern with any research that uses survey data is the bias in the estimates stem-
ming from self-reported data. There are many reasons why an individual may offer biased responses
to health or labor market outcomes. These reasons may range from not understanding the question
to social stigma or self-interest. For example, individuals may over-report the severity of their health
conditions or any family member’s health status to justify their labor market decisions or eligibility
19 Gould (2004) found that married mothers have a seven-percentage-point, and three-percentage point higher
predicted probabilities of working if their child has an expensive illness, and time-intensive in nature, respectively.
20 Wehby and Ohsfeldt (2007) found children’s physical health and mental health conditions are negatively associ-
ated with black single mothers’ employment and working hours, respectively.
21 Lemmon (2015) found that children’s neurodevelopmental conditions when compounded with physical conditions
reduce the mothers’ likelihood of being employed.
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for different benefits and welfare programs.22 A strand of the literature argues in favor of using
more objective indicators of health like specific health conditions or limitations or doctors’ reports
to solve the issue of measurement error partly.23 Another study concluded that neither objective
nor self-reported health measures could be reliable when estimating the impact of health and other
variables on the labor force participation of older men (Bound et al., 1999). The recent literature
proposes to use stochastic frontier estimation (SFE) to identify response bias (Rosenman et al.,
2011).
1.3 Data
This study uses data from the National Longitudinal Survey of Youth 1979 (NLSY79) and
the NLSY79 Children and Young Adults (NLSY79CY). The NLSY79 is a nationally representative
sample of American youth aged 14 to 22 in 1979. The survey was conducted annually from 1979 to
1994 and then biennially from 1994 to 2018. It is a rich data set that tracks an individual’s labor
market outcomes and socio-economic background over a time horizon. These features make it a good
source for studying effects on career trajectories in the long run. The NLSY79CY is a survey of all
the children born to NLSY79 female respondents, which began in 1986 and continues biannually.24
The child survey gives information on children’s early birth and health conditions up to 15 years of
age. I use the NLSY79 and NLSY79CY because these surveys allow me to link mothers’ employment
outcomes to child health throughout childhood.
In this paper, I use observations between 1979-2014, and the child information is taken
from the child survey (until fifteen years of age) of the NLSY79CY data. There are 6,283 female
observations in the survey, out of which 4,992 have children. I limit my analysis to the first singleton
birth in a household to avoid any endogeneity that might arise with future births.25In addition,
following the methods by V Joseph Hotz et al. (2005), supplemental military and economically
disadvantaged white subsamples are dropped since these samples were not interviewed in later years.
This leaves me with 3992 matched mother-child pairs. I further restrict my sample to only those
mothers who gave birth between 22 to 40. The age range 22 and above is chosen to exclude those
22 There is a bias in estimating men’s self report of myalgia and back problems and women’s self report of os-
teoarthritis on planned retirement age (Datta Gupta and Larsen, 2010).
23 See, e.g., Bartel and Taubman (1979); Chirikos and Nestel (1983); Stern (1989)
24 In 1994, a separate youth survey was conducted on children 15 years old and older.
25 These families can have more than one child. But I am considering only the first child.
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mothers from the sample who are still likely to be in school. It is well documented in the literature
that there can be a higher risk of unusual pregnancy with an increase in the mother’s age. Hence,
I drop those above 40.262728 The resulting sample has 2099 mother-child pairs or 25,768 annual
observations. A detailed sample construction is provided in Table 1.2.
1.3.1 Labor Market Outcomes
The outcome variables used here are mothers’ employment status, hours worked annually,
and annual earnings. Employment is based on employment status for the years 1979-1992, 1994,
1996, 1998,and 2006 (available). For the remaining years, it is coded as one if the respondent
reported a positive number of jobs since the last year and zero otherwise. The annual hours worked
and the annual earnings are reported in the survey for the previous year with respect to the survey
year. I have top coded hours per year at 3184 (the 99th percentile). The earnings variable is the
total of wages and salaries received last year. All earnings are adjusted to 2010 dollars using the
Consumer Price Index (CPI).
1.3.2 Definition of Child Health Conditions
The child survey asks a host of questions about whether the child has a variety of physical
or mental health problems until fifteen years of age. I have grouped child health conditions into two
categories, namely physical conditions, and mental conditions. I then define treatment as a dummy
that takes the value of one if the child has either any physical or mental health conditions as defined
below. I call this treatment variable any disorder.
Physical Health Conditions are coded as one if the mother ever reports the child having
any of the following conditions or zero otherwise: asthma, respiratory disorder, speech impairment,
blindness or difficulty in seeing, deafness or difficulty in hearing, allergic conditions, orthopedic
handicaps, nervous disorder, ear problem, blood disorders, and epilepsy. Figure 1.1 shows the number
of cases that report each of the physical conditions. Out of all the physical health conditions, most
mothers reported their children to have asthma, followed by allergy, and respiratory disorders.
26 Women aged 40 years or above are at a higher risk of having cesarean, forceps, and vacuum deliveries than do
younger women (Gilbert et al., 1999).
27 Diseases such as gestational diabetes and pregnancy induced hypertension occurred more often in women ≥40
years of age (Dietl et al., 2015).
28 Maternal age at birth over 40 years was an independent risk factor for preterm delivery, cesarean section, etc.
(Londero et al., 2019).
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Mental Health Conditions are coded as one if the mother ever reports the child having any of
the following conditions or zero otherwise: learning disability, cerebral dysfunction, hyperactivity/
attention deficit disorder, emotional disturbance, and intellectual disability. Figure 1.2 shows the
number of cases that report each of the mental conditions. In this category, most mothers reported
their children to have learning disability followed by cerebral dysfunction, and hyperactivity.
1.3.3 Controls
The time-variant controls used are the mother’s age and calendar-year fixed effect. The other
time-invariant controls are maternal characteristics like race, age at birth, highest grade completed, a
dummy if she had any limiting health conditions, dummies for the regions (northeast, north-central,
and south), substance use during pregnancy, marital status, and a dummy indicating if she was on
Supplemental Security Income (SSI). Except for race, substance use during pregnancy, and age at
birth, all other time-invariant controls are for the year before childbirth. Substance includes cocaine,
marijuana, alcohol or cigarette consumption.
Since one of the assumptions in event study analysis is that there should not be any an-
ticipation before the event, one should not include conditions like Down’s Syndrome that can be
determined during pregnancy while constructing the treatment dummy (NLSY does not report this
health condition).
Table 1.3 shows the summary statistics of maternal characteristics across child health types.
The p-values (at the conventional 5% level) of the difference in means are also reported. After com-
paring the maternal characteristics by child health type, we find that mothers who have healthy
children are likely to be younger at birth. The comparison based on the pre-event average charac-
teristics suggests that the two groups are not statistically different with respect to the labor market
outcomes. The control group mothers are also more likely to be healthier, and less likely to use
substance during pregnancy. The mothers who have children with health conditions are more likely
to be on SSI.
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1.4 Empirical Strategies
This paper uses a variety of approaches to identify the relationship between children’s chronic
health conditions and mothers’ labor market outcomes. My primary strategy is an event study
approach that I discuss in subsection 1.4.1. Subsection 1.4.2 discusses the entropy balance matching
technique as a robustness check. Finally, in subsection 1.4.3, I lay out the instrumental variables
specification.
1.4.1 Event Study















δk1[k = ageis] +
∑
y
φy1[y = s] + εist
(1.1)
where Yist is the outcome of interest for individual i in calendar year s and event time t. The
indicator variables for the years relative to the event of child birth is termed as the event time (set
equal to zero at child birth). I construct a panel of mothers who are observed five years before
their event of childbirth to ten years after (i.e. event time, t runs from -5 to +10 years.). Di is
an indicator variable which equals to 1 if the mother has a child with health conditions, Xi is a
vector of time-invariant control variables and εij is the error term.
29 30 The outcome variables
are employment status, annual hours worked, and annual earnings. I control for mother’s years
of education, marital status, limiting health conditions, region of residence, Supplemental Security
Income receipts, and substance use (all at event time = -1 i.e. at the year just before the event of
child birth).The inclusion of age dummies controls for any underlying life-cycle trends in mother’s
outcomes, and the calendar year dummies takes into account time trends arising from economic
fluctuations. The αjs estimate the difference between the treatment group (mothers with children
having any health condition) and the control group (mothers with healthy children) mothers, the
βjs estimate the coefficient for the control group, and αj+ βj represents the coefficients for the
29 I focus on the first born child of each mother.
30 The health conditions used here are asthma, respiratory problems, speech impairment, blindness, deafness, other
ear related problems, allergy, orthopedic problems, nervous problems, blood related problems, epilepsy, intellectual
disability, emotional disturbances, hyperactivity, cerebral dysfunction, and learning disability.
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treatment group. So, αjs represent the average treatment effects on the treated (ATTs).
Figures 1.3, 1.6-1.11 plot βj and αj+βj on the left panels, and αj coefficients on the right
panel along with the 95% confidence intervals. The event time dummy at t= -1 is the omitted
category and thus the event time coefficients measure the impact of a child’s health condition relative
to the year just before the event. All standard errors are clustered at the individual level.31 Having
estimated the impact of a child’s health on mother’s labor supply decisions, I plot the differences
in outcome at each event time (αjs). To find out the average impact (average gap between the
treatment and the control group) of child’s health on any outcome variable, I take the average of the
differences in outcomes from the first through the tenth year post child birth. So, the average gap
for any outcome is measured as α̂ = 110
10∑
n=1
α̂n. The right panels of Figures 1.3, 1.6-1.11 report the
average gaps for each outcome along with the standard errors and the corresponding p values. The
estimated level effects of the average gaps can be converted into percentage changes by calculating
P = [α̂/E(Ỹ )] ∗ 100 where E(Ỹ ) is the mean outcome of the control group mothers over the first
ten years post childbirth for each outcome variable.
1.4.1.1 Identification Assumptions
I estimate event study models comparing mothers who have a child with health conditions
to mothers who have healthy children. An event study approach has the advantage of tracing out
the full dynamic trajectory of events. The presence of pre-event trends is considered as a violation
of strict exogeneity of any policy change. However, due to limited statistical power, there could be a
possibility of pre-trends remaining undetected. In that case, assumption of strict exogeneity would
be inappropriate.
To make any causal interpretation, the assumption that child’s health status is not related to the
error term has to be satisfied. So, absent child’s health, the two groups of mothers should be
comparable. In that case, the maternal characteristics should be similar pre-birth for them to be
equivalent after child birth and there should not be any anticipatory behavior with respect to child’s
health. However, we might worry that child’s health is unlikely to be randomly distributed. In
that case, the mothers whose children suffer from health conditions might have different pre-birth
characteristics than those mothers who have healthy children. This will result in the two groups of
31 I specify equation (1.1) in levels and not in logs in order to be also able to keep the individuals who are not
participating in the market.
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mothers following different career trajectory post birth. To alleviate this issue, I employ the method
of entropy balance matching which is discussed in detail in section 1.4.2.
We may worry that under certain conditions, the assumptions of an event study may cease to
hold true. First, some mothers may be more likely to take their children to the doctor. In that case,
diagnosis becomes correlated to family backgrounds. This, along with the mother’s unobservable
characteristics like motherly awareness, motivation and other conditions may trigger better health
outcomes for a child that will continue to confound the estimates. Another concern is that child’s
health status can be correlated with mother’s health at birth, mother’s substance use choice pre-
birth, and other socio-economic conditions. I have controlled for mother’s substance use during
pregnancy and whether the mother had any conditions that limited her activities in the year before
birth. A third concern is the breakdown of the no-anticipation condition. If the child’s health
condition can be detected during mother’s pregnancy, then some families can decide to end the
pregnancy.32 Health conditions like Down’s Syndrome can be determined during pregnancy. Since
NLSY does not report information on Down’s Syndrome, so it is not included in the definition of
child health.
1.4.2 Robustness Check: Entropy Balance Matching Method
From Table 1.3, we find that the treatment group and the control group mothers are statis-
tically different as far as mother’s age at birth, health condition before childbirth, SSI receipt, and
substance use during pregnancy are concerned. To ameliorate the concern of selection into child
health type, I use the method of entropy balance matching (EB).33 The essence of this approach is
to preprocess the data on a set of control variables before any parametric modelling. The objective
is to achieve balance in covariates across the treatment and the control group to lower the model
dependence. Preprocessing the data makes it less dependent on specification assumptions and hence
the parametric modelling is more likely to identify causal effects.34
Ho et al. (2007) discussed three merits of preprocessing data prior to parametric inference.
32 In this paper, I have tried to keep those health conditions which are less likely to get detected during pregnancy.
A brief idea about the screening tests and the types of conditions that are likely to be detected is provided in Table
1.1.
33 Most common matching methods often fail to jointly balance on all covariates due to manual searching for a
suitable weight. Due to the risk of decreased balance on some covariates, this may may counteract the bias reduction
process (Diamond and Sekhon, 2013; Iacus et al., 2012).
34 Jones et al. (2020) found lower labor market participation, hours worked, and earnings for individuals subjected
to acute health shock in the post crash era after combining coaresened exact matching and entropy balancing to
preprocess data.
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First, the process is straightforward as it only requires a preprocessing step before the actual esti-
mation startegy. The most attractive feature of this method is that by imposing balance constraints
involving moments of the covariate distributions it allows us to always (at least weakly) improve
upon the covariate balance. EB retains information in the preprocessed data by allowing the unit
weights to vary smoothly in contrast to other preprocessing methods such as the nearest neighbor-
hood matching or the coarsened exact matching, where we can lose units depending on weights.
Second, the weights generated after EB can be used for almost any standard estimation. Prepro-
cessing the data makes subsequent inference on the parametric analysis less dependent on the model
choice. Third, compared to analysis on unmatched data, preprocessing by matching methods can
potentially lower the bias.
Entropy balancing (EB) is based on a maximum entropy reweighting scheme (Hainmueller,








subject to R balance constraints imposed on the covariates moments and normalizing constraints;
∑
{i|D=0}
wicri(Xi) = mr with r∈ 1,...,R
∑
{i|D=0}
wi = 1 and
wi ≥ 0
where wi is the entropy balance weight chosen for each control unit, D is a dummy variable that




base weight where n0 is the number of control units in the sample. cri(Xi) = mr denote the moment
constraints imposed on the reweighted control units. Additionally, to ensure non-negative weights
that add up to 1, we normalize the constraints.
I have used a set of time invariant characteristics to match the two groups of mothers.
The variables used are mother’s race, age at her first childbirth, whether she used substance during
pregnancy, her region of residence, her health status, the highest grade she has completed, whether
she was on SSI, and her marital status (the last five are all taken at event time = -1). Figures 1.4
35 Hainmueller and Xu (2013) provides a detailed explanation on the computation of the EB method.
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and 1.5 show the summary of overall balance that is achieved for each covariate in terms of mean
difference, and bias, measured as standardized percentage difference in means. I find that post
balancing, the bias arising from the difference in mean outcomes of the treatment and the control
groups appears to be lower for all the covariates.
1.4.3 Mother’s Time versus Cost: Instrumental Variables Approach
The aim of this analysis is to understand how mothers’ labor market outcomes vary if their
children had conditions that demanded more of their time versus conditions that would be more
financially burdensome for the family. It is difficult to ascertain which health conditions take up
more of mother’s time and which conditions impose a greater financial responsibility. I use a dummy
variable that takes value 1 if the mother reports that the child has any health condition that limits
the child from attending school as a proxy for time intensive health conditions. This is because if
a child misses school frequently due to health reasons, then the mother may have to stay home to
take care of her child. For cost intensive conditions, I use a dummy variable that takes a value 1
if the mother reports that the child has any health conditions that require the use of some special
equipment as a proxy for cost intensive conditions. The reason behind this is that special equipment
may be expensive.
To understand the effect of child’s time intensive and/or cost intensive health conditions on
mother’s labor market outcomes, I use the following two-way fixed effects difference-in differences
strategy,
Yit = α+βPost∗1[Limits School Attendance]+ρPost∗1[Requires Equipment]+γt+δi+ εit (1.2)
where Yit denotes individual mother’s labor market outcomes in time t, γt is the year fixed
effect, and δi is the individual fixed effect. Here, the outcomes of interest are mother’s employment
status, and annual hours worked conditional on participation in the labor market. The variable post
is defined as a dummy that takes a value 1 if the event time is one and above. The year fixed effects
absorb the common factors that affect a mother’s labor supply in a year and the individual fixed
effects can assist in controlling for omitted variable bias due to unobserved heterogeneity.36
We may worry that both the “limiting school attendance“ and “requiring equipment” dum-
36 Tables 1.4 that reports the results of equation (1.2) is discussed in section 1.5.
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mies are endogenous. This is because mothers may misreport about their child’s health status. Also,
since the survey asks if the child has any limiting condition or not, we are not sure if the child was
actually diagnosed or if it is the mother’s own evaluation about her child. I try to deal with this
issue of possible misreporting by using the following method. I create two continuous measures,
a time metric and a cost metric. The time metric is formed by taking the percentage of mothers
who report their children to have one of the health conditions (as used in the main specification,
equation(1.1)) that also limit school attendance. This metric takes a value of zero for the healthy
children. Similarly, the cost metric is the percentage of mothers who report their children to have
one of the health conditions (as used in the main specification, equation(1.1)) that also require spe-
cial equipment.This metric is also coded as zero for the mothers who have healthy children. Tables
1.5 and 1.6 present the time metric and the cost metric respectively. These two metrics are used as
instruments for mother’s self-report in the following regression specification.
To take care of the issue of misreporting, I employ an instrumental variables (IV) specification given
by
Yit = α+ β. ̂Post ∗ 1[Limits School Attendancei] + ρ.Post ∗ 1 ̂[Requires Equipmenti] + γt + δi + µit
(1.3)
Post*Limits School Attendancei = α0 + α1.Post*Time Metrici + γt + δi + νit (1.4)
Post*Requires Equipmenti = κ0 + κ1.Post*Cost Metrici + γt + δi + φit (1.5)
where equations (1.4) and(1.5) are the first stages of the two instruments respectively. Estimat-
ing (1.3), (1.4), and (1.5) using these two instruments yields the local average treatment effect
(LATE). By using the responses of other mothers who have children with similar health conditions
as instruments for self-reporting, I take care of any bias present in the survey data. The exclusion
restrictions suggest that the instruments should affect the outcome of interest only via the endoge-
nous variables.37 Since the two metrics are the percentages of all other mothers who are reporting
the same condition, the instruments do not influence an individual’s labor market outcomes directly.
37 Note: Testing for the failure of the exclusion restriction is not truly possible unless the model is overidentified
(i.e., there are more instruments that endogenous variables).
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1.4.3.1 IV Validity
First Stage There are three assumptions that I must make in order to support the instruments.
To properly identify the causal impacts of children’s health conditions, the instruments must strongly
predict mothers’ self-reported data. Table 1.7 shows the estimates for equation (1.3) along with the
first stage results from equations (1.4) and (1.5). As shown in the table, the first stage coefficients
on the two instruments are statistically significant at the 1% level. The first stage effect can be in-
terpreted as one percentage increase in the time metric increases an individual mother’s probability
of reporting the child having conditions that limit school attendance by 0.010 percentage points.
Similarly, if we look at the cost metric, we find that a one percentage increase in the cost metric
increases a mother’s probability of reporting that the child has conditions that require special equip-
ment by 0.010 percentage points. The empirical validity of the instruments is partially supported
by the F-statistics in the first stage regressions as reported in Table 1.7.38 3940
Balance Tests The instruments should affect the outcome of interest only through the endogenous
variables, “limiting school attendance“ and “requiring equipment variables”. However, this is an
untestable condition. If the instruments are random, they should be independent of the mother’s
observable and unobservable characteristics. I estimate a set of balance tests to check if either of the
instruments are correlated with any individual mother’s observable characteristics. This analysis
involves conducting multiple regressions of several observable maternal demographic characteristics
on the instruments. While it is impossible to test whether the exclusion restriction is violated or
not, these regressions can address the concern that the instruments are related to the unobservables
or not.
Table 1.8 shows the coefficients from separate regressions of several of the mothers’ charac-
teristics on the time metric and the cost metric. The variables used in the regressions are mother’s
race, age at birth, substance use during pregnancy, region of residence, health condition, highest
grade completed, and SSI status (the last four were taken at the year before chidbirth).41 The
regression results in Table 1.8 are reported for both the endogenous variables and the instruments.
The coefficients on the endogenous variables are presented in panels A and C and the coefficients
38 Suggested cut-off are shown in (Stock and Yogo, 2002).
39 Murray (2006) argues that for the number of endogenous variables greater than one, the test statistics is the
Cragg-Donald statistic.
40 Lee et al. (2020) in a recent paper have provided new cut-offs for the F statistics.
41 I did not use any time-variant characteristics because they could be potential outcomes and not confounders.
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on the instruments are reported in panels B and D.
The results suggest that self-reported data on children’s conditions that limit school atten-
dance are significantly related to mother’s race, highest grade completed before childbirth, and her
use of substance during pregnancy, and SSI receipt. Except for residing in south, SSI receipt, and
mother’s race being black, or hispanic, I do not find any significant association of maternal char-
acteristics with self-reported data on child’s conditions that require special equipment to function.
These results show why naive regressions of maternal characteristics on mother’s self-reported child
health data may generate biased estimates, at least for the conditions that limit a child’s school
attendance. Since there is a significant correlation between the instruments and mothers’ health,
age at birth, and SSI receipt, I control for individual fixed effects in my difference-in-differences
regressions.
Monotonicity The monotonicity assumption implies that the instruments should be positively
related with treatment for all the mothers in the sample. However, in this case it is not possible
to show this relation for each individual. So, in Table 1.9, I present the first stage coefficients for a
number of sub-samples for both the instruments. In this way, I can check if the instruments work in
the same direction for different sub-samples. Table 1.9 reports the first stage coefficients for fifteen
sub-samples of mothers.42 The coefficients suggest strong relationship in the first stage for all the
subsamples.43
1.5 Results
In this section, I present the estimates of the impact of children’s chronic health conditions
on maternal career trajectory, namely labor force participation, the annual hours worked, and the
annual earnings. I first discuss the results from the event study specification, followed by the results
after preprocessing the data using the entropy balance matching method. Finally, I discuss the
results of the instrumental variables approach.
42 These subsamples are all either time invariant characteristics or taken at the year before birth. They include
high school graduates, did not graduate high school, had health limitations before birth, healthy before birth, received
SSI, was not on SSI,, used substance during pregnancy, Did not use substance in pregnancy, age at birth ≤30, age at
birth>30, black, white, resided in the northeast region, resided in the northcentral region, and resided in the southern
region.
43 Exception can be noted for the first stage of the cost metric for the subsample of mothers who did not graduate
from high school.
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1.5.1 Event Study Results
The left panels of Figure 1.3 correspond to the event study estimates of children’s health
status on the treatment and the control group mothers. As defined in Section 1.4, the estimates
at event time, t, are relative to the year before birth. For each outcome, the right panels include
the 95% confidence bands for each estimated difference in outcomes between the treatment and
the control group. The diagrams indicate that for all the outcomes, the two groups of mothers
evolve in almost an overlapping way until the event takes place. Just after the event occurs at
t = 0, at t = 1, we see a sharp decline in the participation rate, annual hours worked, and annual
earnings among mothers. There is an immediate drop of around 15-20% points in participation rate
compared to the event time before childbirth for both the groups. After the first year of childbirth,
the participation rate of the control group is relatively higher than that of the treatment group all
the way up to the tenth year (the third and the eighth year after birth seem to be an exception
where the participation rates are almost similar for the two groups). At the end of the tenth year,
the control and the treatment groups are almost 17 percentage points less likely to work, when
compared to their respective participation rates a year before child birth. The average gaps on the
right panels are calculated as the average of the differences between the treatment and the control
group from the first through the tenth year after childbirth. The average gap in this case is around
2.1 percentage points (3.17% compared to the mean participation of the control group) although it
is not statistically significant.44
Panel (c) shows the impact of children’s chronic health conditions on mothers’ annual hours
worked conditional on being working during the year before birth. In the pre-event period, the
change in hours worked with respect to event time = -1 is pretty constant. Immediately following
childbirth, there is a decline of around six hundred annual working hours (conditional on working)
for both the treatment and the control group mothers. Thereafter, the estimates show a constant
gap in the hours worked between the treatment and the control group all the way up to the tenth
year, although the individual gaps are not statistically significant. Even after the tenth year, the
control group is likely to work around eight hundred annual hours less where as the treatment group
works for almost nine hundred hours less compared to their respective outcomes in event time =
-1. The mothers who have children with chronic health conditions work for seventy one fewer hours
44 Tables 1.10 and 1.11 report the average gaps in maternal outcomes in levels and in percentage change terms
respectively for all the definitions of children’s health that have been used in the main analysis and in the extensions.
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(5.63%) annually on average compared to the mothers who have healthy children. Tables 1.12 and
1.13 summarize the impact of children’s health status on mothers’ annual hours worked, and annual
earnings unconditional on being employed in levels and in percentage changes respectively. From
Table 1.13, we find that the treatment group mothers work for approximately 4.32% less than the
control group.
To understand the impact of children’s health on mothers’ earnings, I look at the annual
earnings trajectory of the mothers. Panel (e) in Figure 1.3 shows that compared to the event year
= -1, the women in my sample faced a rising earnings trajectory pre-childbirth. However, following
the event, there is a sharp decline in the earning for both the treatment and the control groups.
The treatment group faces an immediate earnings loss of about $8,000 (2010 $). Starting from the
first year after childbirth to the eighth year, there is a difference in annual earnings between the
two groups of mothers. Panel (f) shows that on average mothers who have children with health
conditions earn around $1,999.58 (9.07%) lower than the mothers of healthy children. This gap is
significant at the 10% level. Table 1.11 indicates that the treated group mothers’ participation is
about 3.23% lower than the control group. This explains about one-third of the earnings drop. So,
the remaining of the earnings loss is due to working fewer hours and lower earnings conditional on
working. From Tables 1.12 and 13, we find that not conditional on being employed the average gap
in earnings is around $1,566.79 (7.49%).
1.5.2 Entropy Balance Results
Entropy balance matching method helps to lessen the model dependence by using matching
techniques to achieve balance in covariates across the treatment and the control groups. I have
matched the treatment and the control group on a set of time invariant controls (discussed in Section
1.4.2). Figure 1.4 indicates that post matching, the absolute difference in the means between the
treatment and the control group is negligible. Figure 1.5 shows the standardised bias before and
after the matching. The bias is significantly lowered after matching. From Figures 1.4 and 1.5, we
can conclude that post matching better covariate balance has been achieved.
Figure 1.6 shows the event study estimates from equation (1.1) after preprocessing the data.
From the left panel diagrams, we find that for all the labor market outcomes, the treatment and
the control group mothers have almost parallel to outstanding career trajectories prior to the event.
The right panels show the difference in outcomes between the treatment and the control group along
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with the 95% confidence intervals. In panels (a), (c), and (e), we find that there is a sharp decline in
the outcome variables post childbirth. Thereafter, the treatment group mothers’ career trajectories
are lower than that of the control group mothers. The average gap in participation is around 2.96
percentage points. The average gaps in (conditional) hours worked, and earnings are 63.57 hours
and $1,844.39 respectively. From Table 1.11, we find that these amount to the treatment group
mothers working for 5.01% fewer hours, and earning around 8.24% lower than the control group
mothers conditional on being employed at the year before birth. From Table 1.11, if we compare the
results with and without matching, we find that after matching although the directions are same,
the magnitudes of the percentage changes in participation, annual hours worked and annual earnings
(conditional on working) are lowered.
1.5.3 IV Results
From Table 1.4, the difference-in-differences estimates suggest that the mothers whose chil-
dren are reported to have health conditions that limit school attendance are 2.2 percentage points
less likely to work. Conditional on being employed, they work approximately one hundred and nine
annual hours less significantly compared to the control group mothers . If we consider the mothers
who report their children to suffer from conditions that requires special equipment to function, then
those mothers are 3.3 percentage points less likely to work. On the intensive margin, we find that
these mothers are likely to work for approximately one hundred and thirteen hours lesser compared
to the control group.
Table 1.7 shows the estimates from the instrumental variables model with two-way fixed
effects. I instrument for self report by using two continuous measures, the time metric and the
cost metric as instruments (discussed in section 1.4.3). After instrumenting, the effects on both
employment status and hours worked are more pronounced compared to the difference-in-differences
estimates (reported in Table 1.4). Columns (1) and (2) (in panel, second stage) of Table 1.7 show
the causal impact of the child moving from having a zero chance to have a condition that limits her
school attendance/ requires special equipment to a 100% chance of having one on the maternal labor
market outcomes. The results suggest that when a child moves from having a zero to a 100% chance
of having a condition that limits her school attendance, then mothers’ participation falls by 14.3
percentage points. Conditional on working, the annual hours worked goes down by approximately
five hundred hours. The impact on annual hours worked is significant at the 1% level. This result
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indicates that mothers who have children with time-intensive health conditions work for significantly
fewer hours provided they maintain paid employment. This may be attributed to the fact that these
children demand more care giving time and as a result, the mothers who do not drop out of the
labor force start lowering the hours spent working. For a child who moves from having a zero to
a 100% probability of having a condition that requires special equipment, the decline in maternal
participation is by 6.5 percentage points. In this case, the mothers who have children with cost-
intensive health conditions work for almost four hundred fewer annual hours conditional on being
employed.
The IV estimates are significantly larger than the coefficients obtained from the difference-in-
difference estimation. This can be possible because IV is estimating the local average treatment effect
as opposed to just the average treatment effect over the entire population. The instrument shifts
the behavior of the compliers - the sub population whose treatment status would be different given
a change in the instrument. Compared to the group of always-takers and never-takers, compliers
are the subgroup for whom the instrument determines their treatment status.
The lower panel of Table 1.7 shows the first stage results for the IV regressions. It shows that
the time metric is strongly correlated to the self-reported data on the child having health conditions
that limit her school attendance and the cost metric is strongly correlated to the self-reported data
on the child having health conditions that require special equipment. The first stage F statistics are
also reported. Overall, the time metric and the cost metric pass the weak instrument tests.
1.6 Extensions
1.6.1 Sensitivity Test
While the majority of the literature has studied the impact of children’s health conditions
on parental work outcomes, some have acknowledged the fact that the effect varies by severity of
child health conditions (Gordon et al., 2007; Leiter et al., 2004). The adverse effects on employment
have been found to be more profound for children with severe conditions and in low-income countries
(Salkever, 1982). Gould (2004) argues that the interaction of different limitations results in a higher
reduction in mothers’ labor force participation.
In order to test how sensitive the results are with respect to the definition of the treatment, I
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define a binary indicator called “severe“ which takes the value one if a child having any of the health
conditions used for the main analysis also reports any kind of other limitations.45 The limitations
used for this definition are health conditions that limit the child’s school attendance, or require
special equipment to function, or limits daily activity of the child, or limits schoolwork. All the
limitations are binary variables.46
Table 1.14 compares the background characteristics of the mothers by severity of child’s
health conditions. The summary statistics suggest that the mothers who have children with severe
health conditions are significantly more likely to be black with higher chances of using substance
during pregnancy, have health conditions, and are likely to be less educated compared to their
counterpart. It should be noted that the pre-event earnings are significantly different which can be a
potential threat to identification. Figure 1.7 plots the coefficients from the event study specification
(equation (1.1)) with severity as the treatment variable for the maternal labor market outcomes.
The left panels show the event study estimates for the treatment and the control group mothers’
employment, annual hours worked, and annual earnings. The right panels plot the differences in
outcomes between the two groups of mothers for five years before to ten years after child birth.
For all the outcomes, we find that the two groups of mothers evolve in a parallel fashion
before childbirth followed by a sharp decline post event.From Figure 1.7, we find that the mothers
with severely ill children work around 60 annual hours (conditional) or 4.75% fewer hours and earn
(conditional) around $2,227.44 or 10.07% lower on average than the mothers of healthy children
during the first ten years after childbirth. This is a bigger difference compared to the case where all
health conditions are included.The average gap in earnings is statistically significant. From Table
1.13, we find that unconditional on being employed, the treatment group mothers earn 8.13% less
than the control group mothers. This gap is higher than the gap corresponding to the case where
the treatment variable is any disorder (where the average gap is 7.49%.). These results suggest that
although there is no statistically significant difference on the extensive margin. Conditional on being
employed, the average gap in earnings becomes more profound if we consider only the severe health
conditions instead of any disorder.
45 The conditions used here are Asthma, Respiratory disorder, Speech impairment, Blindness or difficulty in seeing,
Deafness or difficulty in hearing, Allergic Conditions, Orthopedic handicaps, Heart Problems, Nervous disorder,
Ear problem, Blood disorders, Epilepsy, Learning disability, Cerebral dysfunction, Hyperactivity/ attention deficit
disorder,Emotional disturbance, and Intellectual disability.
46 Approximately 15% of the sample report to suffer from severe conditions as per the definition I am using here.
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1.6.2 Variation By Child Health Type
Few prior studies have attempted to study the impact of children’s health conditions on
parental outcomes by separating childhood disabilities by the type of conditions (Gould, 2004; Wasi
et al., 2012; Wehby and Ohsfeldt, 2007; Zan and Scharff, 2015). Wehby and Ohsfeldt (2007) using
2000 Census data, found that physical disabilities were negatively associated with employment and
hours worked for the married mothers. However, they did not find any such association for children’s
mental health conditions. In contrast to these results, (Wasi et al., 2012) did not find any relationship
between children’s or mental disabilities and married mothers’ employment. However, there was a
negative association between black mothers’ employment and children’s physical disabilities, and
their hours worked with children’s mental disabilities.
Based on these prior pieces of evidence, I provide event study estimates from equation (1.1)
once with the physical illnesses reported in the data section as the treatment indicator and then with
the mental conditions as the treatment dummy.47 48 Tables 1.15 and 1.16 report summary statistics
of maternal characteristics by children’s physical and mental health conditions. Table 1.15 suggests
that mothers with children having physical conditions are significantly more likely to be older at
birth, and use substance during pregnancy, have worse health conditions, and are more likely to be
on SSI compared to the mothers with healthy children. Table 1.16 indicates that the mothers of
children who have mental health conditions are more likely to be on substance during pregnancy, be
on SSI, and reside in the northeastern region.
Figure 1.8 shows the impact of children’s physical health conditions on maternal labor mar-
ket outcomes. The left panels represent the event time coefficients of maternal employment, annual
hours worked, and annual earnings estimated from equation (1.1) with physical health conditions
as the treatment dummy. The annual hours worked and annual earnings are conditional on be-
ing employed. The results suggest children’s physical health ailments are significantly related to
a reduction in maternal participation amounting to 3.6 percentage points. There is a significant
gap in participation of 10.66 percentage in annual earnings between the treatment group and the
control group mothers. Although not statistically significant, but conditional upon working mothers
47 The physical conditions used here are Asthma, Respiratory disorder, Speech impairment, Blindness or difficulty
in seeing, Deafness or difficulty in hearing, Allergic Conditions, Orthopedic Handicaps, Heart Problems, Nervous
disorder,Ear problem, Blood disorders, and Epilepsy. The mental ailments used here are Learning disability, Cerebral
dysfunction, Hyperactivity/attention deficit disorder, Emotional disturbance, and Intellectual disability.
48 As per my definitions of child health, 24.34% of the children in my sample suffer from physical health illnesses,
and 7.86% of the children are reported to have mental health conditions.
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with children suffering from physical ailments work for around 6% fewer hours compared to their
counterparts.
Figure 1.9 shows the event study estimates of maternal labor market outcomes from equation
(1.1) with mental health conditions as the treatment variable. From the left panel diagrams on
participation, annual hours worked, and annual earnings, we find that the individual event study
estimates of the outcomes for the treatment group mothers are noisy. This can be attributed to
the small percentage of children (7.86%) in the sample who are reported to have mental health
conditions.49 From Figure 1.9, we find that on average, there is no gap either on the extensive or
the intensive margin for mental health conditions.
1.6.3 Married vs. Single Mothers
Some of the papers in the past literature that have looked into the impact of children’s
health on parental outcomes indicated division of labor between parents in families with unhealthy
children. Using Australian data, Brandon (2011) found that married mothers of children with
health conditions are more likely to be unemployed, and work part-time. Burton et al. (2017) using
Canadian data, concluded that presence of a child with health conditions in the family was positively
related to the mother being unemployed, and work for fewer hours per week. Both these studies
indicated that child’s health status had no impact on fathers’ labor market outcomes. However,
Kuhlthau and Perrin (2001) found that both parents of children with poor health are more likely to
be unemployed.
For studying the impact of children’s chronic health conditions only on the married/single
mothers, I have limited the main sample to those mothers who reported to be married/single a
year before childbirth. The sample construction is provided in Table 1.17. I have 14,297 (annual
observations) mothers in this sample who were married at event time = -1. That leaves 11,471
observations who reported being single the year before the event. I use the estimation strategy in
equation (1.1) to find the effect on mothers’ career outcomes. For the married mothers, I have added
two additional controls along with the ones used for the main analysis (discussed in Section 1.3.2).
These are spouses’s average earnings and average participation five years before child birth. This
is because for married women, the opportunity cost of lowering/leaving paid employment may be
49 Due to this concern, it is difficult to present any conclusive evidence for the mothers who have children with
mental health conditions.
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influenced by their partner’s labor market outcomes.
Table 1.18 compares the background characteristics of married mothers by children’s health
conditions. The summary statistics indicate that for the married mothers, women who have chil-
dren with chronic health conditions are significantly older at childbirth, more likely to have health
conditions, and receive SSI benefits prior to childbirth compared to the mothers who have healthy
children.
Figure 1.10 plots the coefficients from equation (1.1) on the impact of children’s chronic
health conditions on maternal labor market outcomes of the mothers who were married a year before
childbirth. The left panels indicate that the treatment and the control group mothers evolve in a
parallel fashion before the event, followed by a a sharp decline post childbirth for all the outcomes.
From the right panels we find that there is a statistically significant gap of 5.7 percentage points in
participation rate between the mothers who have children with chronic health conditions and the
mothers with healthy children. The significant gap in participation of the married mothers may
be attributed to the fact that they can share the responsibilities of care giving with their partners.
There is also a significant average difference of 102 hours (7.95% compared to the control group),
and $2,935.81 (12.66% compared to the control group) in earnings. These estimates are conditional
on working. These estimates are bigger than the the estimates obtained by including all women
together.
From Table 1.19, comparing ill children to healthy children for the mothers who were single
before childbirth, we find that the mothers with unhealthy children are less likely to be Hispanic,
more likely to be older at birth, have health conditions, use substance during pregnancy, and more
likely to be on SSI. From Figure 1.11, we find that there is no significant gap either on the extensive
or intensive margin. Comparing the married mothers to the single, I find that within the married
mothers there is a statistically significant gap both on the extensive and intensive margin whereas
the is no economically or statistically meaningful gap within the single mothers.
1.7 Discussion and Conclusion
This paper uses event study, entropy balance matching, difference-in-differences, and in-
strumental variables identification strategies to estimate the spillover effects of children’s health
conditions on maternal labor market outcomes in the United States. It expands the literature by
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providing estimates for both short-term and long-term impacts of children’s chronic health condi-
tions on mothers’ career trajectories for up to ten years after childbirth. This paper also speaks to
the literature that tries to decompose the competing demands that a child’s health condition lays
on the mother in terms of her time versus income constraints.
Children with chronic health conditions can demand more care-giving time from mothers.
By substitution effect the mothers may have to substitute home production for paid employment.
However, childhood illnesses can be expensive too. This increases the opportunity cost of dropping
from the labor force and may compel the mothers to remain employed. Overall, the results from
the event study suggest although individually the treatment and the control group mothers are
significantly less likely to work post-childbirth compared to their participation the year before birth,
there is no evidence of a significant gap on average between them on the extensive margin after
childbirth. However, on the intensive margin there is a statistically significant gap in the annual
hours worked, and the annual earnings on average between the treatment and the control group
mothers.
The differences in the mean outcomes get more pronounced if we consider only severe health
conditions. Children with severe health conditions may need more parental time. Although there
is no significant gap on the extensive margin, conditional on being employed the treatment group
mothers earn significantly less than the control group mothers. The difference in annual earnings is
bigger compared to the case where all health conditions are considered. This may be indicative of
the fact that the benefit of providing childcare at the margin is higher when the child suffers from
severe health conditions compared to any health issues.
This study finds that there is a statistically significant difference in average participation
between the treatment group and the control group mothers for those women who were married
a year before childbirth. This gap is almost twice as big as the gap when all mothers irrespective
of marital status are considered. This result suggests that perhaps for the married mothers the
opportunity cost of lowering the participation or completely leaving the market is lower. This can
be attributed to the fact that these women are able to share a part of the child care responsibilities
with their spouses. The gap in annual hours worked and annual earnings (both unconditional and
conditional on working) are also more profound for the married mothers.
This paper also employs the instrumental variables approach to cater the issue of measure-
ment error arising from mothers’ self-reporting of children’s health data. I find that the mothers
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of the children who suffer from health conditions that demand more of care giving time, tend to
lower the number of hours worked provided they are employed. There is also a significant decline in
the hours worked for the mothers whose children suffer from cost-intensive conditions. One possible
reason for the substitution effect to be stronger can be due to the fact that most of the costs related
to the equipments required for the children are sponsored by the different types of insurances. Fi-
nally, after decomposing the chronic conditions into physical and mental illnesses, this paper finds
a statistically significant average gap in participation, and annual earnings associated with physical
ailments. However, there is no evidence of any significant differences on the extensive or intensive
margins between the treatment and the control group mothers when we consider those children who
are suffering from mental illnesses. It is important to note that the variation in sample sizes across
different child health definitions can influence some of the findings of this paper.
One limitation of this paper is that it could not address any possible mechanisms that may
drive such results. Prior literature points out that children’s health shocks have negative impacts on
parents’ mental health (Hall et al., 2006; Winston et al., 2002). Specifically, child’s serious illness has
been linked with family’s stress (Robinson et al., 2007; Woodgate and Degner, 2002), psychological
distress, and depression (Katz et al., 2018; Rosenberg et al., 2013). NLSY does not follow questions
on mental health consistently for each survey. Also, the questions on depression are asked to the 40+
population. In addition, the negative relationship between mental health and labor market outcomes
has been well documented in the literature (Chatterji et al., 2007; J. Fletcher, 2013; Lu et al., 2009).
It will be interesting to explore any such potential channel. Identifying these mechanisms will allow
policymakers to fully understand the relationship between children’s’ chronic illnesses and mother’s
labor market outcomes and to design effective policies.
One additional interesting future extension of this work would be to look at the impact
of children’s health on paternal outcomes as well. By comparing maternal and paternal career
trajectories one could get useful insights about the impacts on bargaining power in addition to
the gendered division of labor over years after childbirth. NLSY79 data by construction matches
mothers to children. So, I was unable to find the impact on the fathers’ labor market outcomes.
Another worthwhile project would be to estimate the impacts on family outcomes like, for example,
the probability of parents getting divorced, and number of future children.
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Tables
Table 1.1: Conditions That Can Be Determined By Screening Test During Pregnancy
Screening Test Used For
First Trimester: (11-13 weeks)
Maternal Blood Screen Measuring two levels of proteins
Ultrasound Measuring fluid behind baby’s neck
Second Trimester: (15-20 weeks)
Maternal Serum Screen (Also called
the triple screen) Identify birth defects like Down’s syndrome
Fetal Echocardiogram
Anomally Ultrasound (18-20 weeks)
Note: NLSY Child and Youth sample does not report information on whether the child has Down’s Syndrome or not.
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Table 1.2: Sample Construction
Criteria Individuals




Dropping sub sample ** 3,992
Age at first birth between 22-40 2,099
Individual Observtions 2,099
Annual Observations (1979-2014) 75,564
Annual Observations (-5 to +10 event years) 25,768
* Note: Twins and triplets are dropped.
** Note: Sub sample includes economically disadvantaged white female, and those in the military.
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Table 1.3: Summary Statistics Of Mother’s Characteristics By Child Health Type (Any Disorder)
Variable Mean S.D. Mean S.D.
Healthy N Unhealthy N p value
Mother is Black 0.21 0.41 1,478 0.2 0.4 621 0.868
Mother is Hispanic 0.19 0.39 1,478 0.17 0.38 621 0.133
Mother is White 0.59 0.49 1,478 0.62 0.48 621 0.179
Mother’s Age at Birth 27.02 4.21 1,478 27.84 4.35 621 0.000
Mother’s Education(years) 14.05 2.53 1,478 14.19 2.42 621 0.247
Averages over 1-5 years before birth:
Mother’s Employment 0.79 0.29 1,447 0.79 0.29 616 0.986
Mother’s Earnings (in 2010 $) 44067.16 38635.14 1,474 43063.25 37237.02 619 0.584
Mother’s Annual Hours Worked 1545.99 697.33 1,443 1581.61 673.65 612 0.285
Controls at t = -1
Highest Grade Completed 13.55 2.27 1,461 13.61 2.19 620 0.567
Mother Had Limiting Conditions 0.05 0.22 1,313 0.09 0.29 554 0.001
Mother Resided in North East 0.20 0.40 1,296 0.15 0.36 548 0.012
Mother Resided in North Central 0.24 0.43 1,296 0.25 0.43 548 0.638
Mother Resided in South 0.36 0.48 1,296 0.37 0.48 548 0.519
Mother on Substance 0.57 0.49 1,405 0.61 0.49 600 0.022
Mother was on SSI 0.14 0.34 1,461 0.22 0.42 620 0.000
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Post*Limit School Attendance -0.022 -109.21*
(0.031) (55.92)
Post*Require Equipment -0.033 -113.25
(0.034) (68.91)
N 24,629 19,553
adj. R-sq 0.337 0.314
Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Notes: The regressions include individual and year fixed effects. Hours are conditional on working. Standard Errors
are clustered at the mother level.
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Table 1.5: Time Metric


















No Health Condition 0.00
Note: These percentages are the number of mothers reporting the child to suffer from any health condition that
limits her school attendance out of the total number of children who were reported to have been suffering from any
of these health conditions.
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Table 1.6: Cost Metric


















No Health Condition 0.00
Note: These percentages are the number of mothers reporting the child to suffer from any health condition that
requires special equipment out of the total number of children who were reported to have been suffering from any of
these health conditions.
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Post*Limit School Attendance -0.143** -499.49***
(0.065) (118.86)
Post*Require Equipment -0.065 -398.88***
(0.076) (147.33)
First Stage
IV: Post*Time Metric 0.010*** 0.010***
(0.000) (0.000)
First Stage F stat 76.54 67.15
Cragg-Donald Wald F stat 2427.30 1794.39
IV: Post*Cost Metric 0.010*** 0.010***
(0.000) (0.000)
First Stage F stat 58.23 50.78
Cragg-Donald Wald F stat 2427.30 1794.39
***p<0.01, **p<0.05, *p<0.10
Both the regressions include individual and year fixed effects. Hours are conditional on working. Standard Errors
are clustered at the mother level.
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Table 1.8: Balance Tests: Maternal Characteristics
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)
Age at Higest Grade Had Health Resided in Resided in Resided in Used Substance
Birth Completed Conditions North East North Central South On SSI In Pregnancy Black White Hispanic
Panel A: Limit School Attendance 0.015 -0.572*** 0.048** 0.006 -0.050 0.033 0.210*** 0.077** 0.097*** -0.106*** 0.009
(0.963) (0.176) (0.019) (0.032) (0.035) (0.039) (0.028) (0.039) (0.032) (0.038) (0.031)
Panel B: Time Metric 0.014** -0.004 0.000** -0.001 0.001 0.001 0.003*** 0.002 0.000 0.000 -0.000
(0.006) (0.003) (0.000) (0.062) (0.001) (0.001) (0.000) (0.007) (0.000) (0.000) (0.000)
Panel C: Require Equipment 0.053 0.002 0.021 -0.031 -0.020 0.083* 0.078** 0.078 0.073* -0.008 -0.064*
(0.419) (0.221) (0.024) (0.041) (0.044) (0.049) (0.036) (0.049) (0.039) (0.048) (0.038)
Panel D: Cost Metric 0.011 -0.004 0.000* -0.000 0.002 0.000 0.004*** 0.003 0.001 -0.000 -0.001
(0.009) (0.005) (0.000) (0.000) (0.003) (0.001) (0.000) (0.005) (0.002) (0.000) (0.001)
Observations 2,099 2,081 2,005 1,844 1,844 1,844 2,081 2,005 2,099 2,099 2,099
Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Notes: All coefficients are from separate regressions. Sample is all mothers. All the outcome variables except race,
age at birth, and substance use during pregnancy are measured at event time = -1. Panels A and C are for the
endogenous variables themselves. Panels B and D are for the instruments.
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Table 1.9: Monotonicity Test: First Stage Results From Different Sub Samples Of Mothers
Maternal Conditions Conditions
Sub Samples Limiting School Require Equipment
High School Graduate 0.008*** 0.009***
(0.000) (0.000)
Less Than High School 0.012*** 0.004
(0.000) (0.003)




On SSI 0.011*** 0.011***
(0.000) (0.000)
Not On SSI 0.007*** 0.009***
(0.000) (0.000)
Used Substance In Pregnancy 0.009*** 0.010***
(0.000) (0.000)
Did Not Use Substance In Pregnancy 0.007*** 0.006***
(0.000) (0.000)
Age At Birth (≤ 30) 0.008*** 0.009***
(0.000) (0.000)






North East Resident 0.007*** 0.009***
(0.000) (0.000)
North Central Resident 0.008*** 0.010***
(0.000) (0.000)
South Resident 0.008*** 0.010***
(0.000) (0.000)
Standard errors in parentheses
* p<0.1, ** p<0.05, *** p<0.01
Notes: These are estimates from different regressions following the specifications of the first stage of the IV
regression.
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Table 1.10: Average Gaps In Maternal Outcomes Under Different Child Health Definitions
Participation Rate Annual Hours Worked Annual Earnings ($)
Child Health Status Average Gap S.E. p value Average Gap S.E. p value Average Gap S.E. p value
Any Disorder -0.021 0.018 0.233 -71.477 41.769 0.087 -1,999.58 1069.813 0.062
EB (Any Disorder) -0.020 0.018 0.274 -63.572 41.98 0.13 -1,844.39 1084.427 0.089
Married (Any Disorder) -0.057 0.024 0.017 -102.89 55.32 0.063 -2,935.81 1438.52 0.041
Single (Any Disorder) 0.017 0.027 0.531 -50.66 62.8 0.42 -379.11 1351.62 0.779
Severe -0.018 0.022 0.421 -60.096 51.166 0.24 -2,227.44 1273.99 0.081
Physical Conditions -0.036 0.020 0.079 -71.522 47.407 0.132 -2,351.12 1195.567 0.049
Mental Conditions 0.014 0.029 0.640 -46.762 67.748 0.49 -1,299.54 1928.813 0.501
Note: In this paper, a gap in outcome means the difference in the outcome variable between the treatment and the
control group. Annual hours worked and annual earnings are conditional on being employed. The average gaps are
presented at level. Average gaps are calculated by taking the average of the α̂js (from equation (1) mentioned in
Section 4) over the first ten years post childbirth for each outcome variable.
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Table 1.11: Percentage Changes In Average Gaps For Maternal Outcomes
Participation Rate Annual Hours Worked Annual Earnings
Child Health Status % Change S.E. % Change S.E. % Change S.E.
Any Disorder 3.17 2.65 5.63 3.29 9.07 4.85
EB (Any Disorder) 2.96 2.71 5.01 3.31 8.24 4.85
Married (Any Disorder) 8.08 3.36 7.95 4.27 12.66 6.21
Single (Any Disorder) 2.39 3.81 4.04 5.02 2.07 7.63
Severe 2.63 3.27 4.75 4.04 10.07 5.76
Physical Conditions 5.29 3.02 5.66 3.75 10.66 5.42
Mental Conditions 2.02 4.33 3.71 5.38 5.98 8.84
Note: In this paper, a gap in outcome means the difference in the outcome variable between the treatment and the
control group. Annual hours worked and annual earnings are conditional on employment.The α̂js are first estimated
at levels (shown in Table 1.10). Then the percentage changes with respect to the control group mothers are
calculated by α̂/E(Ỹ ) where E(Ỹ ) is the mean outcome of the control group mothers over the first ten years post
childbirth for each outcome variable.
39
Table 1.12: Average Gaps In (Unconditional) Hours Worked And Earnings Under Different Child Health
Definitions
Annual Hours Worked Annual Earnings ($)
Child Health Status Average Gap S.E. p value Average Gap S.E. p value
Any Disorder -52.386 40.784 0.199 -1,566.79 1024.603 0.126
EB (Any Disorder) -46.975 40.845 0.250 -1,422.34 1034.177 0.169
Married (Any Disorder) -95.162 54.563 0.081 -3,033.67 1508.511 0.045
Single (Any Disorder) -16.606 60.538 0.784 461.71 1305.979 0.724
Severe -51.127 49.373 0.301 -1,885.49 1211.748 0.12
Physical Conditions -61.871 46.257 0.181 -2,109.91 1137.117 0.064
Mental Conditions -20.592 65.265 0.752 -905.65 1810.367 0.617
Note: In this paper, a gap in outcome means the difference in the outcome variable between the treatment and the
control group. Annual hours worked and annual earnings are not conditional on being employed (include zeros).
The average gaps are presented at level. Average gaps are calculated by taking the average of the α̂js (from
equation (1.1) mentioned in Section 1.4) over the first ten years post childbirth for each outcome variable.
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Table 1.13: Percentage Changes In Average Gaps For (Unconditional) Hours Worked And Earnings
Annual Hours Worked Annual Earnings
Child Health Status % Change S.E. % Change S.E.
Any Disorder 4.32 3.36 7.49 4.9
EB (Any Disorder) 3.92 3.41 6.78 4.93
Married (Any Disorder) 7.62 4.36 13.088 6.51
Single (Any Disorder) 1.42 5.17 2.71 7.68
Severe 4.2 4.06 8.13 5.23
Physical Conditions 5.09 3.81 10.06 5.42
Mental Conditions 1.71 5.41 4.38 8.77
Note: In this paper, a gap in outcome means the difference in the outcome variable between the treatment and the
control group. Annual hours worked and annual earnings are not conditional on being employed (include zeros).The
α̂js are first estimated at levels (shown in Table 1.12). Then the percentage changes with respect to the control
group mothers are calculated by α̂/E(Ỹ ) where E(Ỹ ) is the mean outcome of the control group mothers over the
first ten years post childbirth for each outcome variable.
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Table 1.14: Summary Statistics Of Mother’s Characteristics By Severity of Child Health
Variable Mean S.D. Mean S.D.
Not Severe N Severe N p value
Mother is Black 0.19 0.39 1,789 0.26 0.03 310 0.007
Mother is Hispanic 0.19 0.39 1,789 0.17 0.37 310 0.268
Mother is White 0.61 0.48 1,789 0.57 0.49 310 0.174
Mother’s Age at Birth 27.25 4.28 1,789 27.35 4.18 310 0.687
Mother’s Education(years) 14.12 2.51 1,789 13.94 2.39 310 0.265
Averages over 1-5 years before birth:
Mother’s Employment 0.79 0.29 1,756 0.78 0.27 307 0.554
Mother’s Earnings (in 2010 $) 44505.29 38617.21 1,783 39542.64 35621.29 310 0.035
Mother’s Annual Hours Worked 1569.03 686.66 1,750 1535.68 708.33 305 0.446
Controls at t = -1
Highest Grade Completed 13.61 2.25 1,772 13.35 2.19 309 0.059
Mother Had Limiting Conditions 0.06 0.23 1,580 0.09 0.28 287 0.029
Mother Resided in North East 0.19 0.39 1,560 0.15 0.36 284 0.069
Mother Resided in North Central 0.24 0.43 1,560 0.25 0.43 284 0.935
Mother Resided in South 0.36 0.48 1,560 0.37 0.48 284 0.745
Mother on Substance 0.57 0.49 1,703 0.63 0.48 302 0.043
Mother was on SSI 0.13 0.34 1,772 0.29 0.45 309 0.000
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Table 1.15: Summary Statistics Of Mother’s Characteristics By Child’s Physical Health Conditions
Variable Mean S.D. Mean S.D.
Healthy N Unhealthy N p value
Mother is Black 0.2 0.4 1,688 0.22 0.42 411 0.413
Mother is Hispanic 0.19 0.39 1,688 0.16 0.37 411 0.113
Mother is White 0.59 0.49 1,688 0.62 0.48 411 0.551
Mother’s Age at Birth 27.18 4.24 1,688 27.61 4.34 411 0.071
Mother’s Education(years) 14.05 2.51 1,688 14.23 2.42 411 0.192
Averages over 1-5 years before birth:
Mother’s Employment 0.79 0.30 1,653 0.79 0.29 410 0.951
Mother’s Earnings (in 2010 $) 44331.45 39356.19 1,683 41466.62 33099.52 410 0.174
Mother’s Annual Hours Worked 1552.66 694.84 1,647 1572.49 672.74 408 0.603
Controls at t = -1
Highest Grade Completed 13.56 2.27 1,670 13.63 2.16 411 0.563
Mother Had Limiting Conditions 0.06 0.23 1,499 0.09 0.28 368 0.028
Mother Resided in North East 0.19 0.39 1,481 0.18 0.38 363 0.447
Mother Resided in North Central 0.24 0.43 1,481 0.26 0.44 363 0.566
Mother Resided in South 0.36 0.48 1,481 0.37 0.48 363 0.473
Mother on Substance 0.57 0.49 1,608 0.62 0.49 397 0.078
Mother was on SSI 0.14 0.35 1,670 0.23 0.42 411 0.000
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Table 1.16: Summary Statistics Of Mother’s Characteristics By Child’s Mental Health Conditions
Variable Mean S.D. Mean S.D.
Healthy N Unhealthy N p value
Mother is Black 0.21 0.41 1,946 0.19 0.4 153 0.585
Mother is Hispanic 0.19 0.39 1,946 0.19 0.39 153 0.857
Mother is White 0.6 0.49 1,946 0.61 0.48 153 0.758
Mother’s Age at Birth 27.23 4.27 1,946 27.77 4.19 153 0.127
Mother’s Education(years) 14.11 2.51 1,946 13.81 2.24 153 0.144
Averages over 1-5 years before birth:
Mother’s Employment 0.79 0.29 1,911 0.77 0.31 152 0.436
Mother’s Earnings (in 2010 $) 43922.63 37917.95 1,940 41838.20 41959.46 153 0.516
Mother’s Annual Hours Worked 1557.40 689.61 1,903 1559.06 702.45 152 0.964
Controls at t = -1
Highest Grade Completed 13.59 2.25 1,929 13.32 2.16 152 0.143
Mother Had Limiting Conditions 0.06 0.24 1,725 0.07 0.27 142 0.431
Mother Resided in North East 0.19 0.39 1,703 0.13 0.34 141 0.08
Mother Resided in North Central 0.24 0.43 1,703 0.24 0.43 141 0.921
Mother Resided in South 0.36 0.48 1,703 0.39 0.49 141 0.355
Mother on Substance 0.58 0.49 1,857 0.66 0.47 148 0.043
Mother was on SSI 0.15 0.36 1,929 0.29 0.46 152 0.000
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Table 1.17: Sample Criteria For Women Married A Year Before Birth
Criteria Individuals




Dropping sub sample ** 3,992
Age at first birth between 22-40 2,099
Individual Observtions 2,099
Annual Observations (1979-2014) 75,564
Annual Observations (-5 to +10 event years) 25,768
Annual Observations (Married at t= -1) 14,297
* Note: Twins and triplets are dropped.
** Note: Sub sample includes economically disadvantaged white female,and those in the military.
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Table 1.18: Summary Statistics Of Mother’s Characteristics By Child Health Type (Any Disorder) For
Women Married A Year Before Child Birth
Variable Mean S.D. Mean S.D.
Healthy N Unhealthy N p value
Mother is Black 0.13 0.34 970 0.12 0.33 401 0.522
Mother is Hispanic 0.17 0.38 970 0.17 0.38 401 0.901
Mother is White 0.69 0.46 970 0.7 0.46 401 0.714
Mother’s Age at Birth 27.82 4.32 970 28.61 4.28 401 0.002
Mother’s Education(years) 14.34 2.59 970 14.47 2.44 401 0.392
Averages over 1-5 years before birth:
Mother’s Employment 0.83 0.27 939 0.83 0.28 396 0.898
Mother’s Earnings (in 2010 $) 48471.10 40828.72 805 46139.59 40169.29 333 0.326
Mother’s Annual Hours Worked 1633.70 639..543 804 1656.79 612.15 334 0.575
Controls at t = -1
Highest Grade Completed 13.97 2.31 953 14.04 2.26 400 0.621
Mother Had Limiting Conditions 0.05 0.21 805 0.09 0.29 334 0.007
Mother Resided in North East 0.22 0.41 790 0.18 0.38 331 0.098
Mother Resided in North Central 0.25 0.44 790 0.24 0.43 331 0.766
Mother Resided in South 0.36 0.48 790 0.36 0.48 331 0.903
Mother on Substance 0.57 0.49 918 0.58 0.49 389 0.772
Mother was on SSI 0.09 0.28 953 0.15 0.36 400 0.000
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Table 1.19: Summary Statistics Of Mother’s Characteristics By Child Health Type (Any Disorder) For
Women Who Were Single A Year Before Child Birth
Variable Mean S.D. Mean S.D.
Healthy N Unhealthy N p value
Mother is Black 0.31 0.46 673 0.32 0.47 287 0.583
Mother is Hispanic 0.24 0.43 673 0.17 0.38 287 0.024
Mother is White 0.46 0.49 673 0.51 0.5 287 0.177
Mother’s Age at Birth 26.67 4.66 673 27.63 4.87 287 0.004
Mother’s Education(years) 13.59 2.43 673 13.79 2.39 287 0.224
Averages over 1-5 years before birth:
Mother’s Employment 0.75 0.33 642 0.74 0.33 282 0.927
Mother’s Earnings (in 2010 $) 38443.06 35030.06 669 39481.37 33213.28 286 0.67
Mother’s Annual Hours Worked 1435.64 749.95 639 1491.29 731.79 278 0.298
Controls at t = -1
Highest Grade Completed 13.08 2.18 656 13.15 2.12 286 0.641
Mother Had Limiting Conditions 0.05 0.22 508 0.09 0.29 220 0.057
Mother Resided in North East 0.18 0.39 506 0.12 0.33 217 0.049
Mother Resided in North Central 0.22 0.42 506 0.26 0.44 217 0.253
Mother Resided in South 0.36 0.48 506 0.39 0.49 217 0.385
Mother on Substance 0.54 0.49 632 0.68 0.47 271 0.000
Mother was on SSI 0.19 0.39 656 0.33 0.47 286 0.000
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Figures
Figure 1.1: Number Of Cases Reported Of Each Physical Health Condition
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Figure 1.2: Number Of Cases Reported Of Each Mental Health Condition
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Figure 1.3: Impact Of Children’s Chronic Health Conditions On Maternal Employment, Annual Hours
Worked, And Annual Earnings
(a) Employment (b) Gap in Employment
(c) Annual Hours Worked (d) Gap in Annual Hours Worked
(e) Annual Earnings (f) Gap in Annual Earnings
Notes: The left panels of the figure show event time coefficients for maternal employment, annual hours worked, and annual
earnings estimated from equation (1.1) and the right panels present the corresponding gaps in outcomes between the treatment
and the control group along with the 95% confidence intervals. Each coefficient is to be interpreted with respect to event
time = -1. The average gaps (calculated as the mean of the gaps i.e. mean of the α̂js from 1 to 10th event time) for each
outcome variable are reported along with their standard errors and p values. These regressions control for mother’s age at
birth, race, highest grade completed (at t=-1), health (t=-1), region of residence (t=-1), marital status (t=-1),substance
use during pregnancy, whether received SSI (t=-1), and age and calendar year dummies. The effects on earnings and hours
worked are conditional on being employed. All standard errors are clustered at the mother level.
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Figure 1.4: Covariate Balance Of Maternal Characteristics: Differences in Means Before And After Entropy
Balance Matching
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Figure 1.5: Covariate Balance Of Maternal Characteristics: Standardised % Bias Before And After Entropy
Balance Matching
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Figure 1.6: Impact Of Children’s Chronic Health Conditions On Maternal Employment, Annual Hours
Worked, And Annual Earnings (Post Matching)
(a) Employment (b) Gap in Employment
(c) Annual Hours Worked (d) Gap in Annual Hours Worked
(e) Annual Earnings (f) Gap in Annual Earnings
Notes: The left panels of the figure show event time coefficients for maternal employment, annual hours worked, and annual
earnings estimated from equation (1.1) and the right panels present the corresponding gaps in outcomes between the treatment
and the control group along with the 95% confidence intervals. Each coefficient is to be interpreted with respect to event
time = -1. The average gaps (calculated as the mean of the gaps i.e. mean of the α̂js from 1 to 10th event time) for each
outcome variable are reported along with their standard errors and p values. These regressions control for mother’s age at
birth, race, highest grade completed (at t=-1), health (t=-1), region of residence (t=-1), marital status (t=-1),substance
use during pregnancy, whether received SSI (t=-1), and age and calendar year dummies. The effects on earnings and hours
worked are conditional on being employed. All standard errors are clustered at the mother level.
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Figure 1.7: Impact Of Children’s Severe Health Conditions On Maternal Employment, Annual Hours
Worked, And Annual Earnings
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gap at each event time
Average Gap: -60.09 (S.E: 51.16, p value = 0.24)
Gap in Hours Worked Among Mothers
(c) Annual Hours Worked (d) Gap in Annual Hours Worked
(e) Annual Earnings (f) Gap in Annual Earnings
Notes: The left panels of the figure show event time coefficients for maternal employment, annual hours worked, and annual
earnings estimated from equation (1.1) with severe health conditions as the treatment variable. The right panels present the
corresponding gaps in outcomes between the treatment and the control group along with the 95% confidence intervals. Each
coefficient is to be interpreted with respect to event time = -1. The average gaps (calculated as the mean of the gaps i.e.
mean of the α̂js from 1 to 10th event time) for each outcome variable are reported along with their standard errors and p
values. These regressions control for mother’s age at birth, race, highest grade completed (at t=-1), health (t=-1), region of
residence (t=-1), marital status (t=-1),substance use during pregnancy, whether received SSI (t=-1), and age and calendar
year dummies. The effects on earnings and hours worked are conditional on being employed. All standard errors are clustered
at the mother level.
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Figure 1.8: Impact Of Children’s Physical Health Conditions On Maternal Employment, Annual Hours
Worked, And Annual Earnings
(a) Employment (b) Gap in Employment
(c) Annual Hours Worked (d) Gap in Annual Hours Worked
(e) Annual Earnings (f) Gap in Annual Earnings
Notes: The left panels of the figure show event time coefficients for maternal employment, annual hours worked, and annual
earnings estimated from equation (1.1) with physical health conditions as the treatment variable. The right panels present
the corresponding gaps in outcomes between the treatment and the control group along with the 95% confidence intervals.
Each coefficient is to be interpreted with respect to event time = -1. The average gaps (calculated as the mean of the gaps
i.e. mean of the α̂js from 1 to 10th event time) for each outcome variable are reported along with their standard errors
and p values. These regressions control for mother’s age at birth, race, highest grade completed (at t=-1), health (t=-1),
region of residence (t=-1), marital status (t=-1),substance use during pregnancy, whether received SSI (t=-1), and age and
calendar year dummies. The effects on earnings and hours worked are conditional on being employed. All standard errors
are clustered at the mother level.
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Figure 1.9: Impact Of Children’s Mental Health Conditions On Maternal Employment, Annual Hours
Worked, And Annual Earnings
(a) Employment (b) Gap in Employment
(c) Annual Hours Worked (d) Gap in Annual Hours Worked
(e) Annual Earnings (f) Gap in Annual Earnings
Notes: The left panels of the figure show event time coefficients for maternal employment, annual hours worked, and annual
earnings estimated from equation (1.1) with mental health conditions as the treatment variable. The right panels present
the corresponding gaps in outcomes between the treatment and the control group along with the 95% confidence intervals.
Each coefficient is to be interpreted with respect to event time = -1. The average gaps (calculated as the mean of the gaps
i.e. mean of the α̂js from 1 to 10th event time) for each outcome variable are reported along with their standard errors
and p values. These regressions control for mother’s age at birth, race, highest grade completed (at t=-1), health (t=-1),
region of residence (t=-1), marital status (t=-1),substance use during pregnancy, whether received SSI (t=-1), and age and
calendar year dummies. The effects on earnings and hours worked are conditional on being employed. All standard errors
are clustered at the mother level.
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Figure 1.10: Impact Of Children’s Chronic Health Conditions On Married Mother’s Employment, Annual
Hours Worked, And Annual Earnings
(a) Employment (b) Gap in Employment
(c) Annual Hours Worked (d) Gap in Annual Hours Worked
(e) Annual Earnings (f) Gap in Annual Earnings
Notes: The left panels of the figure show event time coefficients for employment, annual hours worked, and annual earnings
estimated from equation (1.1) for the mothers who were married at event time, t = -1. The right panels present the
corresponding gaps in outcomes between the treatment and the control group along with the 95% confidence intervals. Each
coefficient is to be interpreted with respect to event time = -1. The average gaps (calculated as the mean of the gaps i.e.
mean of the α̂js from 1 to 10th event time) for each outcome variable are reported along with their standard errors and p
values. These regressions control for mother’s age at birth, race, highest grade completed (at t=-1), health (t=-1), region
of residence (t=-1), marital status (t=-1),substance use during pregnancy, whether received SSI (t=-1), spouse’s average
participation and earnings in the five years before childbirth, and age and calendar year dummies. The effects on earnings
and hours worked are conditional on being employed. All standard errors are clustered at the mother level.
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Figure 1.11: Impact Of Children’s Chronic Health Conditions On Single Mother’s Employment, Annual
Hours Worked, And Annual Earnings
(a) Employment (b) Gap in Employment
(c) Annual Hours Worked (d) Gap in Annual Hours Worked
(e) Annual Earnings (f) Gap in Annual Earnings
Notes: The left panels of the figure show event time coefficients for employment, annual hours worked, and annual earnings
estimated from equation (1.1) for the mothers who were single at event time, t = -1. The right panels present the corresponding
gaps in outcomes between the treatment and the control group along with the 95% confidence intervals. Each coefficient is
to be interpreted with respect to event time = -1. The average gaps (calculated as the mean of the gaps i.e. mean of the
α̂js from 1 to 10th event time) for each outcome variable are reported along with their standard errors and p values. These
regressions control for mother’s age at birth, race, highest grade completed (at t=-1), health (t=-1), region of residence
(t=-1), marital status (t=-1),substance use during pregnancy, whether received SSI (t=-1), spouse’s average participation
and earnings in the five years before childbirth, and age and calendar year dummies. The effects on earnings and hours




Childbearing on Child Health
2.1 Introduction
This paper estimates the causal impact of teen childbearing on infant, child, and young adult
health. Previous literature finds significant associations between birth to a teen mother and negative
health outcomes for the child (Chen et al., 2007; Fall et al., 2015; Fraser et al., 1995; Manlove et al.,
2008). While these associations are useful for medical practitioners to better understand who may
need medical interventions, it does not inform policymakers about the effects of preventing teen
childbearing. In order to understand how policy can impact child health, we need a causal estimate
of the effect of teen pregnancy on child health outcomes. It may be that young women do not yet
have the capacities to rear healthy children in which case delaying teen pregnancies would improve
child health outcomes. However, it may be that the type of women who have children as teenagers
have lower capacities to rear a healthy child irrespective of birth timing. In this case, delaying teen
childbearing will not improve child health outcomes. Moreover, if younger moms are physiologically
more fit to rear children, then delaying teen childbearing could have adverse health consequences
for children. In this paper we extend the literature that analyzes the effects of teen childbearing on
child health by using more recent econometric techniques to estimate causal impacts and by looking
at a broad range of early, childhood, and young adult health outcomes.
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To estimate the causal impact of teen childbearing on child health outcomes this paper
uses miscarriages to put bounds on the effects. This approach has been effectively implemented
in previous literature that examines the effects of teen childbearing on the mother’s education and
labor market outcomes,1 but has not yet been used to examine the health outcomes of children.
Using this approach provides novel estimates of the causal impact of teen childbearing on child
health outcomes.
The results suggest that teen childbearing does not adversely effect infant health at birth.
Against conventional wisdom, this paper finds that there are no effects of teen childbearing on
birthweight or timing of birth. Children of teen mothers are less likely to breastfeed, but the effects
are smaller and less significant once selection into teen pregnancy is accounted for. In addition, teen
mothers may use fewer prenatal services, visit a doctor later for their child’s first wellness check and
are less likely to bring their child to a doctor for an illness in the first year. This may reflect better
health or less healthcare utilization.
This paper also looks at longer term child health outcomes which is an area that has not
been studied as extensively. Here, we find that children are less likely to report health disorders,
conditions requiring treatment, and having accidents or illnesses requiring medical attention. In
addition self-reported health in the later years is higher for children of teen mothers. Since some
of these differences could be driven by less access to the healthcare system and fewer diagnoses,
we investigate whether there are differences in health insurance coverage and routine health care
utilization. There is no clear evidence that insurance coverage or access are driving the health
improvements in children of teen mothers, but this avenue cannot be ruled out. Overall, the evidence
suggests that teen childbearing does not adversely effect child health.
2.2 Literature
Correlational research often shows a relationship between teenage childbearing and poor
child health outcomes, particularly birth outcomes such as low birthweight and preterm birth (Fraser,
Brockert, and Ward, 1995; Chen et al., 2007; Manlove et al., 2008; Fall et al., 2015). Fewer papers
have examined long term health outcomes related to having a teen mother. Shaw et al. (2006)
1 See Ashcraft, Fernandez-Val, et al. (2013); Ashcraft and Lang (2006); J. M. Fletcher and Barbara L. Wolfe
(2012); V Joseph Hotz et al. (2005); Lang and Weinstein (2015); Manlove et al. (2008). In addition, J. M. Fletcher
and Barbara L. Wolfe (2012) use a similar methodology to examine teenage childbearing effects on fathers.
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use Australian data to examine child’s health at age 14 and find that children of teen mothers
are more likely to have disturbed psychological behavior and more fillings, but find no differences
in self-reported health, asthma, fractures, or accidents. B. Wolfe and Rivers (2008) also find no
significant differences in self-reported health for children of teen mothers up to 14 years of age and
find significant decreases in reports of acute conditions and marginally significant increases in reports
of chronic conditions for children of teen mothers. Fall et al. (2015) find no significant correlations
between having a teen mother and adult weight, blood pressure, or diabetes for individuals in five
low and middle income countries.
Most of the existing findings rely on comparisons across children who are born to mothers
of different ages. However these comparisons do not adequately account for the fact that teenage
births are concentrated among mothers with disadvantaged and minority backgrounds. While many
studies control for observable characteristics, there may also be unobservable characteristics that
vary across those who have teenage births and those who do not. Differences in outcomes may
therefore reflect unobservable background characteristics correlated with giving birth early and not
be directly caused by young maternal age.
Few papers have attempted to control for these unobserved characteristics when analyzing
the effects of teen childbearing on child health outcomes. Geronimus and Korenman (1993) account
for unobservable family characteristics by controlling for sister fixed effects (i.e., comparison of
cousins) for sisters who have first births at different ages. This accounts for unobserved heterogeneity
across family background, but cannot account for unobserved differences that vary within family.
Nonetheless, their results show that adverse health effects of teen childbearing become smaller or go
away when accounting for family background. Rosenzweig and Wolpin (1995) also use a sister fixed
effects model as well as models with mother fixed effects (i.e., comparisons of siblings). They also
find no significant effect of teen childbearing on birthweight, but do find that teen childbearing is
associated with shorter gestation and an increased rate of fetal growth. These papers both highlight
the importance of controlling for unobserved heterogeneity among women when estimating the health
effects of teen pregnancy.2
In analyses of teen childbearing on mothers’ outcomes, there is strong theoretical support
in more recent literature for identifying the effects of teen childbearing with miscarriages. V Joseph
2 In the context of developing countries, Branson and Byker (2018) analyze the impact of teenage childbearing
on child health in South Africa. They deal with unobserved characteristics by leveraging a natural experiment and
conclude that teen childbearing is detrimental to early child growth.
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Hotz et al. (2005) and V. Joseph Hotz et al. (1997) provide evidence that miscarriages are random
conditional on controls for drinking, smoking, and early conception, and Ashcraft and Lang (2006)
show that factors predicting later outcomes are not correlated with miscarriages. Miscarriage would
therefore serve as a good instrumental variable (IV) if abortion were not an option. However,
Ashcraft and Lang (2006) and Ashcraft, Fernandez-Val, et al. (2013) provide evidence that teenagers
who abort come from more advantaged backgrounds. They show that an IV estimate as well as an
ordinary least squares (OLS) estimate of teen childbearing among only pregnant teens who give
birth or miscarry can provide upper and lower bounds on the causal effects of teen childbearing.
This paper uses these techniques to account for unobserved heterogeneity across mothers who have
children as a teen and those who do not. In addition, this paper extends the existing literature
on the effects of teen pregnancy on child health outcomes by examining both early and longer-run
health outcomes of the children.
2.3 Empirical Methods
This paper aims to estimate the causal effect of teen childbearing on child health. First, we
estimate
Yi = β0 + β1TeenBirthi + ui (2.1)
where Y represents a health outcome of the child, TeenBirth is an indicator for being born to a
teen mother and β1 is the coefficient of interest. Since the type of women who give birth as teens are
different than those who delay childbearing, it may be that health outcomes appear worse simply
due to the fact that women who become mothers as teens come from lower socioeconomic status,
have worse underlying health that they pass on to their children, or are less capable of caring for a
child irrespective of birth timing.
It follows that we could control for maternal background factors to obtain better estimates.
Thus, we also estimate:
Y = β0 + β1TeenBirth+ β2X1i + u (2.2)
where X1 includes controls for race, mother’s Armed Forces Qualification Test (AFQT) score, the
mother’s family structure at age 14, and education for the teen’s mother (the child’s maternal
grandmother). However, unobserved factors of the teen mother that will impact the outcomes of
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the child irrespective of timing, such as underlying ability, health, or motivation, will continue to
confound the estimates.
Next, we follow the approach used in the more recent literature on maternal outcomes by
looking only at children with mothers who become pregnant as teens and using miscarriages to put
bounds on the effects. Thus, we estimate the effect of teen childbearing on child health among the
population that becomes pregnant as a teen. This is the effect that we would like to understand in
order to better understand how teen pregnancy prevention policy may impact child health outcomes.
First, we limit the sample to all teen pregnancies and instrument for giving birth with
miscarriages in an IV regression. The first stage is:
TeenBirthi = α0 + α1Miscarriagei + α2X2i + ei (2.3)
where Miscarriage is an instrument for teen childbearing and X2 includes controls are for whether
a respondent reports smoking or drinking during pregnancy and whether the respondent conceived
before the age of 15 as these are known risk factors for miscarriage (Ashcraft and Lang, 2006; V
Joseph Hotz et al., 2005).3 The second stages is:
Yi = γ0 + γ1 ˆBirthi + γ2X2i + εi (2.4)
While miscarriages are conditionally random after controlling for factors such as substance use
and early conception, teens who abort are non-random. Ashcraft and Lang (2006) and Ashcraft,
Fernandez-Val, and Lang (2013) provide evidence that teenagers who abort come from more ad-
vantaged backgrounds. Since some abortions occur prior to miscarriage, the miscarriage group will
contain relatively fewer abortion types than the “non-miscarry” group and thus bias the IV esti-
mates upwards towards benign effects. Therefore, γ1 provides an upper bound for the effect of teen
childbearing on child health outcomes.
Next, we limit the sample to children of all mothers who had teen pregnancies that result
in either a birth or a miscarriage, thus eliminating the mother-child pairs where the mother’s first
teen pregnancy ends in an abortion. We then run OLS on this sample to estimate the impact of
3 Ashcraft and Lang (2006) note that including other controls that correlate with abortion outcomes as well as
the dependent variable could make the bias worse or change the direction of bias and thus distort the bounds on the
estimates. However, results are robust to including controls for race, AFQT score, the mother’s family structure at
age 14, and education for the maternal grandmother.
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having a birth as follows:
Yi = δ0 + δ1TeenBirthi + δ2X2i + µi (2.5)
In this case, the miscarry group will contain some women who would have had an abortion had
they not miscarried, and thus represent teens from a more advantaged background. Therefore the
OLS estimates on childbearing will be downward biased towards finding negative impacts of having
a teen mother. Thus, δ1 provides a lower bound for the effect of teen childbearing on child health
outcomes. Together, the IV estimates and the OLS estimates on the sample of mothers with only
births or miscarriages will provide bounds for the true causal effect of teen childbearing on child
outcomes for women who become pregnant as teens.4 This is the effect that will inform policies
aimed at preventing teen childbearing.
2.4 Data
This study uses data from the National Longitudinal Survey of Youth 1979 (NLSY79) and
the NLSY79 Children and Young Adults (NLSY79CY). The NLSY79 is a nationally representative
sample of individuals who were 14 to 22 years of age in 1979. Interviews continued annually until
1994 and biannually thereafter. The NLSY79CY is a survey of all the children born to NLSY79
female respondents which began in 1986 and continues biannually. In 1994, a separate youth survey
was conducted on children 15 years old and older. The sample for the main analysis is limited to
singleton first children of mothers who had teen pregnancies.5 Consistent with previous literature,
we define teen pregnancies as pregnancies that begin before the age of 18.6
The child survey allows for an analysis of early birth and health care outcomes. Early birth
outcomes include birthweight and timing, whether the child was taken to the doctor for illness in
the first year, as well as prenatal and postnatal care variables. In addition, both the child and youth
surveys include a range of later health outcomes. The child survey asks questions about whether the
child had a variety of physical or mental health problems,7 whether the child had problems that limit
4 Ashcraft and Lang (2006) and Ashcraft, Fernandez-Val, et al. (2013) show that a weighted average of these
bounds provides the average treatment effect (ATE).
5 In addition, supplemental military and economically disadvantaged white subsamples are dropped since these
samples were not interviewed in later years, and pregnancies reported at age 12 or younger are dropped.
6 Some results are slightly sensitive to the definition of teen pregnancy and these will be highlighted in the results
section. However, the broad conclusions do not change.
7 Physical disorders are coded as 1 if the respondent ever reports the child having asthma, a respiratory disorder,
speech impairments, blindness or difficulty seeing, deafness or difficulty hearing, allergic conditions, orthopedic hand-
icaps, heart trouble, nervous disorder, ear problems, blood disorders, or epilepsy and coded as 0 otherwise. Mental
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schooling or require treatment, and whether the child had accidents or illnesses requiring medical
attention (outside of the first year). The youth survey also asks whether the child had problems
that limit schooling or require treatment and whether the child had accidents or illnesses requiring
medical attention as a youth. In addition, the youth survey provides self-reported health and height
and weight measurements which allow the calculation of whether the child is classified as obese.8
Table 2.1 reports statistics on the variables used, separated by mothers with and without a teen
pregnancy.
From Table 2.1, we can see the typical patterns reported for teen pregnancies in the early
outcomes. Children of mothers who had a teen pregnancy report lower birthweight, later use of
prenatal care, fewer prenatal tests, less breastfeeding and later use of well-baby visits. The patterns
with later health outcomes are less consistent, but youths whose mothers had teen pregnancies
report lower self-reported health and a higher incidence of obesity. It is also clear from the table
that background variables are very different for children who have mothers who were pregnant as
teens. Mothers who had a teen pregnancy are more likely to be a minority, less likely to come from
a two-parent home, have lower AFQT scores and have mothers with less education.
Table 2.2 reports the summary statistics for the main sample of children with mothers
who became pregnant as teens. In this table, the sample is divided based upon the outcome of
the mother’s first pregnancy. The background variables confirm that the mothers who abort are
positively selected. They have higher AFQT scores, are more likely to come from a two parent family,
and more likely to have mothers with high school or college education. Furthermore, comparing
mothers who give birth to mothers who have a miscarriage for their teen pregnancy shows that
background variables are slightly better for the miscarriage group.
2.5 Results
The result tables present the coefficients of teen childbearing on a number of different child
health outcomes. Each table has four columns that represent different specifications. The first
“OLS“ column includes the full sample of first children and gives the coefficient on teen birth from
disorders are coded as 1 if the respondent ever reports the child having a learning disability, cerebral dysfunction
or attention deficit disorder, hyperactivity, an emotional disturbance, or an intellectual disability, and coded as 0
otherwise. Any disorder is coded as 1 if the child has a physical disorder, mental disorder, or reports “other” health
limitations and 0 otherwise.
8 This variable is defined as one if the youth’s body mass index (bmi) is ever 30 kg/m2 or over and zero otherwise.
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a simple OLS regression that does not control for maternal background. Thus, the coefficients
represent the correlation between teen birth and child outcomes.9 The “OLS Control” column runs
the same regressions, but includes controls for the mother’s background variables.10 The third
column presents the coefficients of giving birth from OLS regressions on the sample of children born
to mothers who were pregnant as a teen and either gave birth or miscarried for their first pregnancy.
This is the lower bound of the effect of teen childbearing on child health. Finally, the “IV“ column
reports coefficients of giving birth from an IV regressions on the sample of children born to mothers
who were pregnant as a teen where miscarriage is used as an instrument for birth. This is the
upper bound of the effect of teen childbearing. Each row of the tables represents different outcome
variables. The first row of Table 2.3 simply shows how the age at first birth differs across teen
mothers and non-teen mothers by specification. Including all mothers in the OLS regressions leads
to a considerably large difference in age at first birth. However, the regressions that only include
the sample of mothers who are pregnant as teens shows that teen childbearing changes the age at
first birth by a couple years on average.
The remaining rows of Table 2.3 present the effects of teen childbearing on birth outcomes.
The simple regression on all mothers in the first columns suggests that teenage childbearing is associ-
ated with lower birthweight and a higher incidence of postterm births. Even after adding background
controls, there is a slightly significant decrease in birthweight for children of teen mothers. How-
ever, the bounds in the third and fourth columns indicate smaller and no significant impacts on
birthweight and an insignificant but relatively large decrease in low birthweight after accounting for
selection.11 In addition, the estimates on being born on time, premature, or postterm indicate no
significant effects of teen childbearing on a child’s timing of birth and the signs of the estimates all
indicate improved birth timing.
Table 2.4 presents estimates of the impact of teen childbearing on prenatal and postnatal
outcomes. The simple OLS regression indicates that teen mothers are less likely to use prenatal
services, but adding background controls and accounting for selection reveals no impacts of teen
childbearing on ever using prenatal care. However, all specifications suggest that teen mothers seek
prenatal care later in their pregnancy. The results also indicate that teen mothers are less likely to
9 Here, a teen birth is defined as a birth before the age of 19.
10 In cases where controls were missing, the values were imputed.
11 The coefficient on low birthweight is smaller in magnitude and remains insignificant if teen pregnancies are defined
using ages other than 18.
66
have a sonogram or amniocentesis, but these results are largely insignificant when accounting for
selection. Utilization of prenatal services is more difficult to interpret since scheduling a prenatal
visit, sonograms, and amniocentesis can be used for preventative screenings as well as to investigate
when there are complications with pregnancies. Thus, lower utilization may reflect less preventative
care or fewer pregnancy complications. Results also indicate that teen mothers are less likely to
breastfeed. Accounting for selection reduces the magnitudes and significance of the effects of teen
childbearing on breastfeeding, but magnitudes still indicate large reductions in breastfeeding. Fi-
nally, while there are no significant differences in ever going for a well-baby visit, teen mothers go to
their first well baby visit almost a half month later than non-teen mothers and are much less likely
to take their child to the doctor for an illness in the first year. These results are also difficult to
interpret because less utilization may reflect that children of teen mothers are getting less care or it
may reflect that teen mothers have healthier babies.
Table 2.5 examines the impact of teen childbearing on later health outcomes reported on the
children’s survey of the NLSY79CY. Overall, the simple OLS and OLS with controls specifications
suggest that teen motherhood is associated with fewer health problems for the children. They are
less likely to have physical, mental, or any disorders, less likely to report health conditions requiring
treatment, and less likely to report that their children required medical attention for accidents or
illnesses. The last two columns show that most of these magnitudes increase in absolute value after
accounting for selection, which may indicate more health benefits to early childbearing or less contact
with the medical system.
Table 2.6 examines the impact of teen childbearing on later health outcomes as reported
on the youth survey of the NLSY79CY. Here the simple OLS and OLS with controls suggest worse
outcomes for youth of teen mothers. The associations show worse reported health, increased obe-
sity, little association with reporting health conditions that limit school or require treatment, little
association with accidents requiring treatment, and more likely to report illnesses requiring medical
attention. However, accounting for selection in the last two columns shows fewer negative effects
and some positive effects of teen motherhood on youth health. The youth of teen mothers have sig-
nificantly better reported health and are less likely to ever be measured as obese, though the latter
effect is insignificant.12 In addition, there are few effects on health conditions that limit school or
12 These results are sensitive to the definition of teen pregnancy. Increasing the age to 19 or 20 to define teen
pregnancy results in no significant reported health differences with magnitudes closer to zero. In addition, the




Overall, the results suggest that children of teen mothers have no worse health outcomes
and may have slightly better health outcomes on some dimensions. However, some of the results
are difficult to interpret because reporting fewer disorders and less contact with the medical system
may indicate better health or less access to healthcare. In order to test whether access to healthcare
could be driving the results, we look at the relationship of teen childbearing with insurance and
reported routine care. Each year, respondents are asked whether the child is covered by private or
public insurance. We create a variable to indicate whether a respondent ever reports no insurance.13
We also create a variable to indicate whether a respondent ever reports being covered by private
insurance. In addition, the survey asks about the timing of the last routine doctor and dentist visits.
We create a variable to indicate having a late routine doctor or dentist visit if a respondent ever
reports that they have not been to the doctor or dentist in 2 or more years or if they report never
going for a routine doctor or dentist visit. We analyze these outcomes from both the child and youth
surveys separately.
Table 2.7 presents the insurance and utilization results. For the child survey, our preferred
specifications that control for selection indicate that children of teen mothers are actually less likely
to ever report no insurance, but they are also less likely to ever report private insurance. Thus,
while they are more likely to be covered, it could be that the coverage is not as good. In addition,
children of teen mothers are more likely to report being late for a routine doctor visit but less likely
to report being late to a dentist visit, although most of these estimates are insignificant. From the
youth survey, children of teen mothers have an insignificant but positive relationship with reporting
no insurance, but are more likely to report ever having private insurance. In addition, there are no
significant effects on reporting routine care, but the coefficient on ever being late for routine doctors
visits is positive and economically meaningful while the coefficient on dentist visits is negative and
economically meaningful. Overall, these results do not rule out a story that is driven by differential
access to care nor do they provide overwhelming evidence that differential access is driving the
estimates.
13 This is coded as 1 if a respondent reports both no private and no public insurance and 0 if they report either
they do have private or they do have public insurance. They are not asked directly whether they have no insurance.
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While most miscarriages are biologically random (Hotz, Mullin, and Sanders, 1997 and
Hotz, McElroy and Sanders, 2005), we may worry that some miscarriages are related to a mother’s
health characteristics and these traits are then passed down to the child. For instance, if mothers in
worse health were more likely to have miscarriages and also pass their health traits to their children,
then this may be driving the results that find no worse health outcomes and possibly better health
outcomes for children of teen mothers (who are the mothers that do not have miscarriages). We
rerun the analysis with controls for mothers’ reported health as a child14 and whether the mother’s
biological father and mother are still alive when the mother is age 40. We find very similar results.
We may also be concerned that a miscarriage impacts the mother’s future health and this, in turn,
impacts subsequent children’s health. For example, if the miscarriage leads the mother to experience
depression, then she may be less able to care for her future child and cause that child to have worse
health. We rerun results with additional mother health variables at age 40 which include measures
of physical, mental, and general health. Again, results are qualitatively and quantitatively similar,
which helps allay some concern that mother’s health before or after a miscarriage is driving the
results.
2.7 Conclusion
This paper presents causal estimates of the effects of teen childbearing on child health. It
expands the literature by utilizing recently developed techniques to put bounds on causal effects. In
addition, we are able to look at a broad array of child health outcomes. Findings indicate that teen
childbearing does not have negative health impacts on the children, and there may be some cases of
positive effects. However, we cannot rule out the possibility that the appearance of positive impacts
are driven by less access to medical care.
14 This is a retrospective health questions asked in 2012 and 2014 which asks respondents to recall health when
growing up, from birth to age 17.
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Table 2.1: Summary Statistics
Teen Pregnancy No Teen Pregnancy
Birthweight and Timing




Low Birthweight 0.07 0.07
Born on Due Date 0.52 0.56
Born Premature 0.13 0.13
Born Postterm 0.09 0.06
Prenatal and Postnatal Care
Prenatal Doctor Visit 0.98 0.99





Well-baby Visit 0.95 0.95
First Well-baby Visit (months) 1.75 1.39
Child Health
Illness First Year 0.56 0.6
Physical Disorder 0.15 0.19
Mental Disorder 0.07 0.07
Any Disorder 0.23 0.28
Health Limits School 0.12 0.09
Health Requires Treatment, Medication, or Equipment 0.22 0.27
Accident Requiring Medical Attention 0.42 0.45
Illness Requiring Medical Attention 0.67 0.87
Youth Health
Self-Reported Health 3.68 3.86
(0.69) (0.68)
Obese 0.41 0.29
Health Limits School 0.11 0.08
Health Requires Treatment, Medication, or Equipment 0.23 0.25
Accident Requiring Medical Attention 0.55 0.51




Two Parent 0.61 0.77
AFQT 31.13 49.65
(23.06) (27.35)
Mom High School 0.45 0.69
Mom College 0.04 0.09
Sample includes 963 children with mothers who were pregnant as a teenager and 2,870 children with mothers who
were not pregnant as a teenager. Weighted means with standard deviations for non-binary variables in parentheses.
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Table 2.2: Summary Statistics by Outcome of Teen Pregnancy
Birth Miscarriage Abortion
Birthweight and Timing
Age First Birth 16.74 19.53 23.41
(1.24) (3.05) (5.53)
Birthweight 113.31 113.61 117.07
(19.86) (19.66) (18.43)
Low Birthweight 0.07 0.15 0.04
Born on Due Date 0.54 0.49 0.48
Born Premature 0.12 0.21 0.13
Born Postterm 0.08 0.11 0.11
Prenatal and Postnatal Care
Prenatal Doctor Visit 0.98 0.98 1
Month First Prenatal 3 2.4 2.59
(1.52) (1.06) (1.74)
Sonogram 0.29 0.56 0.71
Amniocentesis 0.02 0.08 0.01
Breastfeed 0.24 0.44 0.61
Well-baby Visit 0.94 0.97 0.97
First Well-baby Visit (months) 1.88 1.42 1.45
(1.39) (0.8) (0.78)
Child Health
Illness First Year 0.5 0.7 0.71
Physical Disorder 0.11 0.28 0.26
Mental Disorder 0.06 0.11 0.08
Any Disorder 0.18 0.39 0.37
Health Limits School 0.11 0.16 0.14
Health Requires Treatment, Medication, or Equipment 0.16 0.37 0.36
Accident Requiring Medical Attention 0.38 0.62 0.53
Illness Requiring Medical Attention 0.62 0.71 0.81
Youth Health
Self-Reported Health 3.69 3.43 3.69
(0.68) (0.63) (0.73)
Obese 0.41 0.55 0.38
Health Limits School 0.12 0.11 0.1
Health Requires Treatment, Medication, or Equipment 0.21 0.24 0.29
Accident Requiring Medical Attention 0.55 0.68 0.51
Illness Requiring Medical Attention 0.58 0.58 0.65
Maternal Background
Black 0.34 0.29 0.16
Hispanic 0.1 0.08 0.05
Two Parent 0.58 0.65 0.69
AFQT 27.46 32.4 43.68
(21.8) (21.41) (23.45)
Mom High School 0.4 0.43 0.62
Mom College 0.03 0.05 0.09
Sample includes 963 children with mothers who were pregnant as a teenager, with 756 that gave birth,
55 with a miscarriage, and 152 with abortions. Weighted means with standard deviations in parentheses.
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Table 2.3: Effects of Teenage Childbearing on Birthweight and Timing
OLS OLS Controls OLS IV
Full Full Teen Births Teen
Sample Sample & Miscarriages Pregnancies
Age of First Birth -8.741*** -7.481*** -2.855*** -1.584**
(0.115) (0.133) (0.527) (0.734)
3,983 3,983 745 888
Birthweight -4.265*** -1.676* -0.829 0.869
(0.918) (0.970) (3.594) (4.663)
3,821 3,821 733 875
Low Birthweight 0.006 -0.015 -0.076 -0.117
(0.011) (0.011) (0.065) (0.085)
3,821 3,821 733 875
Born on Due Date (within a week) -0.022 -0.038 0.043 0.047
(0.024) (0.026) (0.084) (0.109)
3,728 3,728 741 884
Born Premature (gestation<37 weeks) -0.000 -0.008 -0.087 -0.118
(0.016) (0.018) (0.075) (0.096)
3,702 3,702 738 881
Born Postterm (gestation≥42 weeks) 0.033** 0.021 -0.024 -0.026
(0.015) (0.016) (0.056) (0.073)
3,702 3,702 738 881
OLS controls in the second column include race, mother’s AFQT score, family structure of teen mother,
and mother’s education for mother of teen mom. Controls in the B/MC and IV regressions include smok-
ing and drinking during pregnancy and conception before age 15. Each cell represents a separate regression
with robust standard errors in parentheses and sample size below the estimate. Sample weights are used.
***p<0.01, **p<0.05, *p<0.10
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Table 2.4: Effects of Teenage Childbearing on Prenatal and Postnatal Care
OLS OLS Controls OLS IV
Full Full Teen Births Teen
Sample Sample & Miscarriages Pregnancies
Prenatal -0.015*** -0.009 -0.003 0.005
(0.005) (0.006) (0.020) (0.025)
3,757 3,757 743 885
Month First Prenatal 0.501*** 0.412*** 0.679*** 0.723***
(0.071) (0.074) (0.167) (0.221)
3,608 3,608 687 826
Sonogram -0.271*** -0.269*** -0.267** -0.189
(0.032) (0.033) (0.118) (0.163)
2,369 2,369 340 441
Amniocentesis -0.010 -0.013 -0.059 -0.092
(0.008) (0.010) (0.074) (0.108)
2,378 2,378 341 442
Breastfeed -0.352*** -0.199*** -0.201** -0.143
(0.022) (0.023) (0.092) (0.122)
3,817 3,817 743 883
Wellbaby -0.018 -0.000 -0.028 -0.027
(0.012) (0.012) (0.025) (0.031)
3,696 3,696 722 863
First Wellbaby Visit (months) 0.466*** 0.336*** 0.455*** 0.464***
(0.056) (0.059) (0.134) (0.171)
3,430 3,430 665 801
Taken to Doctor for Illness First Year -0.081*** -0.059** -0.189** -0.193*
(0.024) (0.026) (0.086) (0.112)
3,706 3,706 724 865
OLS controls in the second column include race, mother’s AFQT score, family structure of teen mother,
and mother’s education for mother of teen mom. Controls in the B/MC and IV regressions include smok-
ing and drinking during pregnancy and conception before age 15. Each cell represents a separate regression
with robust standard errors in parentheses and sample size below the estimate. Sample weights are used.
***p<0.01, **p<0.05, *p<0.10
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Table 2.5: Effects of Teenage Childbearing on Child Health
OLS OLS Controls OLS IV
Full Full Teen Births Teen
Sample Sample & Miscarriages Pregnancies
Physical Disorder -0.081*** -0.079*** -0.178** -0.182*
(0.016) (0.017) (0.080) (0.104)
3,983 3,983 745 888
Mental Disorder -0.020* -0.029** -0.039 -0.057
(0.011) (0.012) (0.047) (0.062)
3,983 3,983 745 888
Any Disorder (Physical + Mental + Other) -0.112*** -0.112*** -0.210** -0.226**
(0.019) (0.020) (0.083) (0.109)
3,983 3,983 745 888
Health Ever Limits School Attendance 0.016 -0.010 -0.046 -0.052
or School Work (2 separate questions) (0.015) (0.015) (0.056) (0.073)
3,743 3,743 718 854
Health requires treatment, medication, -0.104*** -0.090*** -0.214** -0.222**
or equipment (3 separate questions) (0.019) (0.021) (0.086) (0.112)
3,822 3,822 719 858
Child Ever Have an Accident -0.079*** -0.041 -0.209** -0.248**
Requiring Medical Attention (0.023) (0.025) (0.082) (0.109)
3,823 3,823 719 858
Child Ever Have an Illness -0.246*** -0.178*** -0.097 -0.064
Requiring Medical Attention (0.021) (0.022) (0.071) (0.090)
3,829 3,829 721 860
OLS controls in the second column include race, mother’s AFQT score, family structure of teen mother,
and mother’s education for mother of teen mom. Controls in the B/MC and IV regressions include smok-
ing and drinking during pregnancy and conception before age 15. Each cell represents a separate regression
with robust standard errors in parentheses and sample size below the estimate. Sample weights are used.
***p<0.01, **p<0.05, *p<0.10
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Table 2.6: Effects of Teenage Childbearing on Youth Health
OLS OLS Controls OLS IV
Full Full Teen Births Teen
Sample Sample & Miscarriages Pregnancies
Mean Health (1-Poor to 5-Excellent) -0.183*** -0.090** 0.248** 0.327**
(0.033) (0.035) (0.106) (0.134)
3,413 3,413 682 810
Ever Report Bad Health (fair or poor) 0.175*** 0.101*** -0.127 -0.191*
(0.024) (0.025) (0.090) (0.114)
3,413 3,413 682 810
Always Good Health -0.042*** -0.025*** 0.019** 0.033**
(0.009) (0.009) (0.009) (0.013)
3,413 3,413 682 810
Ever Obese 0.136*** 0.044* -0.142 -0.186
(0.024) (0.026) (0.091) (0.118)
3,386 3,386 677 803
Health Limits Ability to Attend School or Do School Work 0.033** 0.027 0.025 0.019
(0.016) (0.017) (0.051) (0.066)
3,395 3,395 677 803
Health Requires Medical Attention, Medication, or Equipment -0.027 -0.000 -0.047 -0.042
(0.022) (0.024) (0.078) (0.100)
3,375 3,375 675 799
Youth Ever have Accident Requiring Medical Attention 0.037 0.036 -0.119 -0.171*
(0.025) (0.026) (0.081) (0.101)
3,413 3,413 682 810
Youth Ever have Illness Requiring Medical Attention 0.084*** 0.110*** -0.016 -0.004
(0.025) (0.026) (0.088) (0.112)
3,191 3,191 669 788
OLS controls in the second column include race, mother’s AFQT score, family structure of teen mother,
and mother’s education for mother of teen mom. Controls in the B/MC and IV regressions include smok-
ing and drinking during pregnancy and conception before age 15. Each cell represents a separate regression
with robust standard errors in parentheses and sample size below the estimate. Sample weights are used.
***p<0.01, **p<0.05, *p<0.10
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Table 2.7: Effects of Teenage Childbearing on Insurance and Utilization
OLS OLS Controls OLS IV
Full Full Teen Births Teen
Sample Sample & Miscarriages Pregnancies
Child Survey
Ever Report No Insurance 0.123*** 0.041* -0.148* -0.234**
(0.023) (0.025) (0.086) (0.111)
3,831 3,831 721 860
Ever Report Private Insurance -0.165*** -0.123*** -0.143*** -0.122***
(0.016) (0.016) (0.038) (0.046)
3,830 3,830 721 860
Ever Late Doctor (>2years ago for routine) 0.086*** 0.111*** 0.073 0.087
(0.024) (0.025) (0.086) (0.113)
3,826 3,826 719 858
Ever Late Dentist (>2years ago) -0.172*** -0.190*** -0.142* -0.132
(0.023) (0.025) (0.083) (0.107)
3,799 3,799 719 857
Youth Survey
Youth Ever Report No Insurance 0.212*** 0.107*** 0.096 0.093
(0.025) (0.026) (0.090) (0.114)
3,136 3,136 672 790
Youth Ever Report Private Insurance -0.021 0.014 0.133* 0.186*
(0.015) (0.016) (0.077) (0.099)
3,133 3,133 671 788
Youth Ever Late Doctor (≥2years ago for routine) 0.074*** 0.079*** 0.097 0.102
(0.025) (0.027) (0.089) (0.112)
3,188 3,188 669 788
Youth Ever Late Dentist (≥2years ago) 0.020 -0.027 -0.134 -0.185
(0.026) (0.028) (0.100) (0.128)
2,950 2,950 568 680
OLS controls in the second column include race, mother’s AFQT score, family structure of teen mother,
and mother’s education for mother of teen mom. Controls in the B/MC and IV regressions include smok-
ing and drinking during pregnancy and conception before age 15. Each cell represents a separate regression




Does The Gender Of A Child With
Chronic Health Conditions Affect
The Mother’s Participation and
Hours Worked?
3.1 Introduction
This paper tests the impact of children’s chronic health conditions on mother’s employment
and hours worked by child’s gender. Past literature finds negative association between child’s illness
and mothers’ participation, hours worked, earnings (Anderson et al., 2007; Breslau et al., 1982; Cidav
et al., 2012; Corcnan et al., 2005; Gould, 2004; Kvist et al., 2013; Parish et al., 2004; Porterfield,
2002; Salkever, 1982; Stabile and Allin, 2012; Barbara L Wolfe and S. C. Hill, 1995). However, these
studies have looked at the impacts of children’s health on maternal outcomes in general irrespective
of the child’s gender. But very similar health conditions can have different manifestations depending
on the gender of the child which in turn will affect the mother’s labor supply decisions differently.
Given the dearth of evidence on the impact of child’s gender on maternal labor market outcomes,
it is crucial to study both short term and long term impacts of child’s health on mother’s outcomes
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differentiated by gender.
This paper adds to the growing literature of studying spillover effects of health shocks.
Using multiple data from National Longitudinal Survey of Youth, I compare career trajectories of
the mothers of healthy girls/boys (control group) to mothers who have girls/boys (treatment group)
with some chronic health conditions for up to ten years after child birth in the United States from
1979-2014. I leverage the long panels of survey data to estimate event study models on the impact
of child’s health on maternal labour market outcomes separately for female and male children.
For the estimates to be causal, the treatment and the control group mothers should be
comparable in the absence of children’s chronic health conditions. One empirical challenge is the
correlation between a child’s health condition and parental characteristics. Thus, I control for a
rich set of observable maternal characteristics. Moreover, if children’s health conditions can be de-
termined during pregnancy, the no-anticipation condition assumption for the event study approach
may cease to hold. I therefore try to exclude any health condition that can be determined dur-
ing pregnancy. To account for bias arising from self reported data, I also instrument individual
responses by the average response of the other mothers whose children are suffering from similar
health conditions.
The main results suggest that although on average male children are more likely to suffer
from chronic illnesses than female children, there are no statistically significant gap in employment or
hours worked for the treatment and the control group mothers who have male children. Conditional
on working, the mothers with unhealthy female children work for significantly fewer hours compared
to the mothers of healthy female children.
There is a strand of literature studying the differential impact of having boys versus girls on
parental outcomes. Ichino et al. (2014) found that in the US, the UK, Italy, and Sweden compared
to mothers of first born girls, women with first born boys work less. They attribute this lower labor
supply to the possibility of higher subsequent fertility after a boy child. Wang (2019) finds similar
results for China. The author further found an increase in mother’s participation in household
decision making and probability of going back to school for mothers of boys. Lundberg and Rose
(2002) concluded that men’s labor supply and wages increase more due to birth of a male child
compared to a female child. S. A. Hill and Zimmerman (1995) found that African American mothers
of sons with sickle cell disease saw their child as sicker and invested a higher amount of parental
care giving time than the mothers of daughters. This paper provides both short term and long term
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impacts of child’s health by gender on maternal career outcomes in the United States. The rest of
the paper goes as follows: Section 3.2 discusses data. In section 3.3, I discuss the empirical strategies
followed by results in section 3.4. Finally section 3.5 concludes the paper.
3.2 Data
This study uses data from the National Longitudinal Survey of Youth 1979 (NLSY79) and
the NLSY79 Children and Young Adults (NLSY79CY). The NLSY79 is a nationally representative
sample of American youth aged 14 to 22 in 1979. The survey was conducted annually from 1979
to 1994 and then biennially from 1994 to 2016. It is a rich data set that tracks an individual’s
labor market outcomes and socio-economic background over a time horizon. These features make
it a good source for studying effects on career trajectories in the long run. The NLSY79CY is a
survey of all the children born to NLSY79 female respondents, which began in 1986 and continues
biannually.1 The child survey gives information on children’s early birth and health conditions up to
15 years of age. I use the NLSY79 and NLSY79CY because these surveys allow me to link mothers’
employment outcomes to child health throughout childhood.
In this paper, I use observations between 1979-2014, and the child information is taken
from the child survey (until fifteen years of age) of the NLSY79CY data. There are 6,283 female
observations in the survey, out of which 4,992 have children. I limit my analysis to the first singleton
birth in a household to avoid any endogeneity that might arise with future births.2In addition,
following the methods by V Joseph Hotz et al. (2005), supplemental military and economically
disadvantaged white subsamples are dropped since these samples were not interviewed in later
years. This leaves me with 3992 matched mother-child pairs. I further restrict my sample to only
those mothers who gave birth between 22 to 40. The age range 22 and above is chosen to exclude
those mothers from the sample who are still likely to be in school. It is well documented in the
literature that there can be a higher risk of unusual pregnancy with an increase in the mother’s age.
Hence, I drop those above 40. The resulting sample has 2099 mother-child pairs or 25,768 annual
observations. Out of the 2,099 observations 1,049 are female children and 1,050 are male children
which amounts to 12,947 and 12,821 observations respectively.A detailed sample construction is
provided in Table 3.1.
1 In 1994, a separate youth survey was conducted on children 15 years old and older.
2 These families can have more than one child. But I am considering only the first child.
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3.2.1 Labor Market Outcomes
The outcome variables used here are mothers’ employment status and hours worked annually.
Employment is based on the employment status for the years for which data are available . For the
missing years’ data, I use the variable,number of jobs since the past year. This is a dummy variable
coded as one if the respondent reported a positive number of jobs since the last year and zero
otherwise. The annual hours worked are reported in the survey for the previous year with respect
to the survey year. I have top coded hours per year at 3184 (the 99th percentile).
3.2.2 Definition of Child Health Conditions
The child survey asks a host of questions about whether the child has a variety of physical
or mental health problems until fifteen years of age. I have grouped child health conditions into two
categories, namely physical conditions, and mental conditions. I then define treatment as a dummy
that takes the value of one if the child has either any physical or mental health conditions as defined
below. I call this treatment variable any disorder.
Physical Health Conditions are coded as one if the mother ever reports the child having
any of the following conditions or zero otherwise: asthma, respiratory disorder, speech impairment,
blindness or difficulty in seeing, deafness or difficulty in hearing, allergic conditions, orthopedic
handicaps, nervous disorder, ear problem, blood disorders, and epilepsy.
Mental Health Conditions are coded as one if the mother ever reports the child having any of
the following conditions or zero otherwise: learning disability, cerebral dysfunction, hyperactivity/
attention deficit disorder, emotional disturbance, and intellectual disability.
Figures 3.1 and 3.2 show the frequency of health conditions reported for male and female
children respectively. Table 3.2 reports the gender balance across health conditions. The difference
in means between boys and girls column indicates that on average the boys are more likely to have
almost all the conditions used in the analyses compared to girl children except for nervous and
orthopedic problems. But the difference in means for the latter two are statistically not significant.
3.2.3 Controls
The time-variant controls used are the mother’s age and calendar-year fixed effect. The other
time-invariant controls are maternal characteristics like race, age at birth, highest grade completed, a
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dummy if she had any limiting health conditions, dummies for the regions (northeast, north-central,
and south), substance use during pregnancy, marital status, and a dummy indicating if she was
on SSI (except for race, substance use during pregnancy, and age at birth, all other time-invariant
controls are for the year before childbirth.).
Because one of the assumptions in event study analysis is that there should not be any
anticipation before the event, one should not include any conditions like Down’s Syndrome that
can be determined during pregnancy while constructing the treatment dummy (NLSY does not give
information on Down’s Syndrome).
Table 3.3 shows the summary statistics of maternal characteristics across child health types
for male children. The p-values (at the conventional 5% level) for the difference in means are also
reported. After comparing the maternal characteristics by child health type, we find that mothers
who have healthy boy children are likely to be Black or Hispanic, younger at birth, more healthy,
and less likely to be on SSI. The comparison based on the pre-event average characteristics suggests
that the two groups are not statistically different with respect to the labor market outcomes.
Table 3.4 reports the summary statistics of maternal characteristics across child health
types for female children. The p-values (at the conventional 5% level) for the difference in means are
reported. After comparing the maternal characteristics by child health type, we find that mothers
who have healthy girl children are likely to be Black or White, younger at birth, healthier, less likely
to be on substance use, and less likely to be on SSI. The comparison based on the pre-event average
characteristics suggests that the two groups are not statistically different with respect to the labor
market outcomes.
3.3 Empirical Strategy
I first conduct an event study specification to learn about the short term and long term
impact of children’s chronic health conditions on maternal employment and hours by child gender.
Next, I employ an instrumental variables approach to understand the competing demands of time
and financial need that a child’s poor health may bring for the mother.
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3.3.1 Event Study















δk1[k = ageis] +
∑
y
φy1[y = s] + εist
(3.1)
where Yist is the outcome of interest for individual i in calendar year s and event time t. The
indicator variables for the years relative to the event of child birth is termed as the event time (set
equal to zero at child birth). I construct a panel of mothers who are observed five years before
their event of childbirth to ten years after (i.e. event time, t runs from -5 to +10 years.). Di is an
indicator variable which equals to 1 if the mother has a child with health conditions, Xi is a vector of
time-invariant control variables and εij is the error term.
3 4 The outcome variables are employment
status, annual hours worked, the probability of working part time, and annual earnings. I control for
mother’s years of education, limiting health conditions, region of residence, Supplemental Security
Income receipts, and substance use (all at event time = -1 i.e. at the year just before the event of
child birth).The inclusion of the full set of age dummies controls non-parametrically for underlying
life-cycle trends in mother’s outcomes, and the calendar year dummies takes into account time trends
arising from economic fluctuations. The αjs estimate the difference between the treatment group
(mothers with children having any health condition) and the control group (mothers with healthy
children) mothers, the βjs estimate the coefficient for the control group, and αj+ βj represents the
coefficients for the treatment group. So, αjs represent the average treatment effects on the treated
(ATTs).
Figures 3.3 and 3.4 plot βj and αj+βj on the left panels, and αj coefficients on the right
panel along with the 95% confidence intervals for the mothers of the male and the female children
respectively. The event time dummy at t= -1 is the omitted category and thus the event time
coefficients measure the impact of a child’s health condition relative to the year just before the
event. All standard errors are clustered at the individual level.5 Having estimated the impact of a
3 I focus on the first born child of each mother.
4 The health conditions used here are asthma, respiratory problems, speech impairment, blindness, deafness, other
ear related problems, allergy, orthopedic problems, heart problems, nervous problems, blood related problems, epilepsy,
autism, intellectual disability, emotional disturbances, hyperactivity, cerebral dysfunction, and learning disability.
5 In order to be able to keep the individuals who are not participating in the market, I specify equation (3.1) in
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child’s health on mother’s labor supply decisions, I plot the differences in outcome at each event time
(αjs). To find out the average impact (average gap between the treatment and the control group)
of child’s health on any outcome variable, I take the average of the differences in outcomes from
the first through the tenth year post child birth. So, the average gap for any outcome is measured
as α̂ = 110
10∑
n=1
α̂n. The right panels of Figures 3 and 4 report the average gaps for each outcome
along with the standard errors and the corresponding p values. The estimated level effects of the
average gaps can be converted into percentages by calculating P = [α̂/E(Ỹ )]∗100 where E(Ỹ ) is the
mean outcome of the control group mothers over the first ten years post childbirth for each outcome
variable.
3.3.1.1 Identification Assumptions
I estimate event study models comparing mothers who have a child with health conditions
to mothers who have healthy children. An event study approach has the advantage of tracing out
the full dynamic trajectory of events. The presence of pre-event trends is considered as a violation
of strict exogeneity of any policy change. If pre-trends are not detected, there still lies a possibility
that pre-trends are present but undetected due to limited statistical power. In that case, assump-
tion of strict exogeneity would be inappropriate. On the other hand, if pre-trends are detected, it is
considered that strict exogeneity is likely to fail.
We may worry that under certain conditions, the assumptions of an event study may cease
to hold true. First, some mothers may be more likely to take their children to the doctor. In that
case, diagnosis becomes correlated to family backgrounds. This, along with mother’s unobservable
characteristics like motherly awareness, motivation and other conditions may trigger better health
outcomes for a child that will continue to confound the estimates. Another concern is that child’s
health status can be correlated with mother’s health at birth, mother’s substance use choice pre-
birth, and other socio-economic conditions. I have controlled for mother’s substance use during
pregnancy and whether the mother had any conditions that limited her activities in the year before
birth. A third concern is the breakdown of the no-anticipation condition. If the child’s health
condition can be detected during mother’s pregnancy, then some families can decide to end the
pregnancy. Health conditions like Down’s Syndrome can be determined during pregnancy.
levels and not in logs.
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Mother’s Cost vs. Time
The aim of this analysis is to understand how mothers’ labor market outcomes vary by child’s
gender if their child had conditions that demanded more of parental time versus conditions that would
be more financially demanding for the family. It is difficult to ascertain which health conditions take
up more of mother’s time and which conditions impose a greater financial responsibility. I use a
dummy variable that takes value 1 if the mother reports that the child has any health condition
that limits the child from attending school as a proxy for time intensive health conditions. This is
because if a child misses school frequently due to health reasons, then the mother may have to stay
home to take care of her child. For cost intensive conditions, I use a dummy variable that takes a
value 1 if the mother reports that the child has any health conditions that require the use of some
special equipment as a proxy for cost intensive conditions. The rationale behind this is that special
equipment may be expensive.
To understand the effect of child’s time intensive and/or cost intensive health conditions on mother’s
labor market outcomes, I use the following two-way fixed effects difference-in differences strategy,
Yit = α+ βPost ∗ 1[Limits School Attendance] + ρPost ∗ 1[Requires Equipment] + γt + δi + εit (3.2)
where Yit denotes individual mother’s labor market outcomes in time t, γt is the year fixed effect,
and δi is the individual fixed effect. Here, the outcomes of interest are mother’s employment status
and annual hours worked conditional on participation in the labor market. I conduct this exercise
separately for boy and girl children in my sample. The variable post is defined as a dummy that
takes a value 1 if the event time is one and above. The year fixed effects absorb the common factors
that affect a mother’s labor supply in a year and the individual fixed effects can assist in controlling
for omitted variable bias due to unobserved heterogeneity. Tables 3.6 and 3.7 report the results of
equation (3.2) for male and female children respectively.
We may worry that both the “limiting school attendance” and “requiring equipment“ dum-
mies are endogenous. This is because mothers may misreport about their child’s health status. Also,
since the survey asks if the child has any limiting condition or not, we are not sure if the child was
actually diagnosed or if it is the mother’s own evaluation about her child. I try to deal with this
issue of possible misreporting by using the following method. I create two continuous measures, a
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time metric and a cost metric separately for male and female children. The time metric is formed
by taking the percentage of mothers who report their child to have one of the health conditions (as
listed in Tables 3.8 and 3.9) that also limit school attendance. This metric takes a value of zero for
the healthy children. Similarly, the cost metric is the percentage of mothers who report their child
to have one of the health conditions that also require special equipment.This metric is also coded as
zero for the mothers who have healthy children. Tables 3.8 and 3.9 present the time metric and the
cost metric denoting how time intensive or cost intensive the condition can be. These two metrics
are used as instruments for mother’s self-report in the following regression specification.6
To take care of the issue of misreporting, I employ an instrumental variables (IV) specification given
by
Yit = α+ β. ̂Post ∗ 1[Limits School Attendancei] + ρ.Post ∗ 1 ̂[Requires Equipmenti] + γt + δi + µit (3.3)
Post*Limits School Attendancei = α0 + α1.Post*Time Metrici + γt + δi + νit (3.4)
Post*Requires Equipmenti = κ0 + κ1.Post*Cost Metrici + γt + δi + φit (3.5)
where equations (3.4) and(3.5) are the first stages of the two instruments respectively. Estimating
(3.3), (3.4), and (3.5) using these two instruments yields the local average treatment effect (LATE).
By using the responses of other mothers who have children with similar health conditions as instru-
ments for self-reporting, I take care of any bias present in the survey data.
3.4 Results
The left panels of Figure 3.3 correspond to the event study estimates of the male children’s
health status on the treatment and the control group mothers. As defined earlier, the estimates at
event time, t, are relative to the year before birth. The outcomes considered here are participation
rate and annual hours worked, conditional on working. For each outcome, the right panels include
the 95% confidence bands for each estimated difference in outcomes between the treatment and the
control group. The diagrams indicate that for both the outcomes, the two groups of mothers evolve
6 In theory, one could have separate cost and time metrics for boy and girl children. But, from Figure 3.2 it
follows that only one girl child in my sample was reported to have blood related problems. So, the concept of average
reporting doesn’t hold true here. In a situation like this, using separate IVs might give erroneous estimates.
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in almost a parallel way until the event takes place. Just after the event occurs at t = 0, at t = 1,
we see a sharp decline in the participation rate and annual hours worked among mothers. There is
an immediate drop of around 20% points in participation rate compared to the event time before
childbirth for both the groups. After that there is no clear pattern in the two trajectories although
the trajectory for the control group is always above the treatment group till the seventh year after
birth. The results suggest no statistically significant gap on the extensive margin.
Panel (c) shows the impact of children’s chronic health conditions on mothers’ annual hours
worked, conditional on being employed. In the pre-event period, the change in hours worked with
respect to event time = -1 is pretty constant. Immediately following childbirth, there is a decline of
around six hundred annual working hours (conditional on working) for the treatment group mothers
compared to five hundred for the control group mothers. Thereafter, the estimates show a gap in
the hours worked till the third year and then the two trajectories almost overlap till the ninth year
after childbirth. Panel (d) shows that right after childbirth there is no statistically significant gap
in annual hours worked on average.
Looking at the mothers of girl children, we see that there is a statistically significant gap
both on the intensive margin. From the left panels of Figure 3.4, we find that there is no clear
evidence of pre-trend. Although there is no statistically significant gap on the extensive margin, the
magnitude of the average gap is higher for mothers of the female children than the mothers of the
male children in my sample.
Conditional on working, there is a significant gap of around one hundred and twenty eight
hours on average for these mothers. The gap in the hours worked conditional on working is pretty
consistent from the year after birth till the tenth year, although the gaps are individually not
statistically significant. So, comparing the outcomes from the mothers of male and female children,
we find no significant gaps either on extensive or intensive margin for the mothers who have male
children. However, for the mothers with female children the magnitude of the coefficients on the
labor market outcomes are higher and the gap on the hours worked is statistically significant.
From Table 3.6, the difference-in-differences estimates suggest that mothers with male chil-
dren who are reported to have health conditions that limit school attendance are 0.1 percentage
points less likely to work. Conditional on being employed, they work approximately sixty two
fewer annual hours compared to the control group mothers. If we consider the mothers who report
their male children to suffer from conditions that requires special equipment to function, then the
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treatment group mothers are 2.5 percentage points less likely to work,although the estimate is not
statistically significant. These moms are likely to work for twenty two fewer hours compared to the
control group mothers provided they were employed.
Table 3.7 shows that the mothers who have girl children with conditions that limit school
attendance are 5.7 percentage points less likely to work and conditional on being working are likely
to work for around one hundred and sixty fewer annual hours compared to the mothers with healthy
girl children. This estimate is marginally significant. For the female children who report to have
conditions that require special equipment, the mothers are 14.1 percentage points less likely to work.
On the intensive margin, these mothers are likely to work for around two hundred and fifty two fewer
annual hours compared to the mothers with healthy children. The results are statistically significant
both on the extensive and intensive margin for the mothers whose girls require special equipment to
function.
Tables 3.10 and 3.11 show the estimates from the instrumental variables model with two-
way fixed effects for male and female children respectively. I instrument for self report by using
two continuous measures, the time metric and the cost metric as instruments (discussed in the
previous section). After instrumenting, the effects on employment status and hours worked are
more pronounced for the mothers of both male and female children compared to the difference-in-
differences estimates. Columns (1) and (2) (in panel, second stage) of Tables 3.10 and 3.11 show
the causal impact of the boy/girl child moving from having a zero chance to have a condition that
limits her school attendance/ requires special equipment to a 100% chance of having one on the
maternal labor market outcomes. The results suggest that when a male child moves from having
a zero to a 100% chance of having a condition that limits his school attendance, then mothers’
participation falls by 17.9 percentage points. Conditional on working, the annual hours worked
goes down by approximately six hundred and fourteen annual hours. The results are significant
both on the extensive and intensive margin, and indicate that mothers who have male children with
time-intensive health conditions work for fewer hours provided they maintain paid employment.
This may be attributed to the fact that these children demand more care giving time and as a
result, the mothers who do not drop out of the labor force start lowering the hours spent working.
For a male child who moves from having a zero to a 100% probability of having a condition that
requires special equipment, the decline in maternal participation is by 1.1 percentage points. In
this case, conditional on working, there is a decrease in annual hours worked by sixty seven hours
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approximately. Although this estimate is not statistically significant, the direction suggests that the
mothers who have male children that have cost-intensive health conditions are also likely to work
for fewer hours conditional on working. This can be because most of the financial burden brought
about my expensive equipment is borne by Medicaid and other insurances the children may have.
From Table 3.11, we see find that after instrumenting for self report, mothers who have girl
children are 12.6 percentage points less likely to work and conditional on being employed are likely
to work for around two hundred and twelve fewer annual hours. Although neither of the estimates
are statistically significant, the direction indicates that the mothers of the female children suffering
from time-intensive conditions end up working lesser than the mothers with healthy female children.
However, the mothers with female children who require special equipment are almost 22.7 percentage
points less likely to participate in the labor market. Conditional on being employed, these mothers
are significantly less likely to work by almost eight hundred and eighty fewer annual hours. For the
female children also insurance is likely to cover a big part of the cost of these equipments. Some
of these conditions can be both cost and time intensive. So, the mother might choose to substitute
home production for labor since a part of the increased financial responsibility is borne by the
different insurance sources.
The IV estimates are larger than the coefficients obtained from the difference-in-difference
estimation. This can be possible because IV is estimating the local average treatment effect as
opposed to just the average treatment effect over the entire population. The instrument shifts the
behavior of the compliers - the sub population whose treatment status would be different given a
change in the instrument. Compared to the group of always-takers and never-takers, compliers are
the subgroup for whom the instrument determines their treatment status.
The lower panels of Tables 3.10 and 3.11 show the first stage results for the IV regressions.
They show that the time metric is strongly correlated to the self-reported data on the child having
health conditions that limit her school attendance and the cost metric is strongly correlated to the
self-reported data on the child having health conditions that require special equipment. The first




These results suggest that there is no statistically meaningful difference on the extensive or
intensive margin for the mothers who have male children suffering from chronic illness. However,
significant differences between the treatment and the control group mothers are noticed both on the
intensive margins for the women who have girl children. These results, coupled with the evidence of
male children being more likely to suffer from chronic illness may suggest that the marginal girl that
gets diagnosed has more severe conditions compared to the marginal boy child. It is difficult to con-
clude about the exact mechanism driving some of these results because of the following possibilities.
First, physiologically, girls and boys are different which suggests that based on phenotype, there
would likely exist differences in diagnosis. Second, there could be some selection in the disclosure or
recognition of the health conditions by the mother based on gender differences. Third, since these
information are from survey data, it is heavily dependent on how the mothers view the severity of
the symptoms across gender. More interesting work, especially those trying to tease out the several
possible mechanisms can be done in the future based on these current results.
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Tables
Table 3.1: Sample Construction
Criteria Individuals




Dropping sub sample 3,992
Age at first birth between 22-40 2,099
Individual Observtions 2,099
Annual Observations (1979-2014) 75,564
Annual Observations (-5 to +10 event years) 25,768
Individual Female Child Observations 1,049
Individual Male Child Observations 1,050
Annual Female Observations 12,947
Annual Male Observations 12,821
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Table 3.2: Gender Balance Across Health Conditions
Difference p value
Conditions Boys Girls in Means of mean difference
Allergy 0.086 0.066 0.02 0.086
Asthma 0.11 0.067 0.043 0.000
Blood Problem 0.003 0.000 0.003 0.179
Cerebral Dysfunction 0.046 0.016 0.03 0.000
Ear Problem 0.022 0.021 0.001 0.883
Emotional Problem 0.02 0.008 0.012 0.028
Epilepsy 0.019 0.005 0.014 0.006
Deafness 0.02 0.017 0.003 0.63
Heart Problem 0.01 0.01 0 0.998
Hyperactivity 0.038 0.009 0.029 0.000
Learning Disability 0.062 0.025 0.037 0.000
Intellectual Disability 0.104 0.042 0.062 0.000
Nervous Problem 0.002 0.004 -0.002 0.413
Orthopedic Problem 0.013 0.014 -0.001 0.849
Respiratory Problem 0.029 0.019 0.01 0.153
Blindness 0.005 0.003 0.002 0.479
Speech Impairment 0.018 0.006 0.012 0.018
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Table 3.3: Summary Statistics Of Mother’s Characteristics By Child Health Type For Male Children
Variable Mean S.D. Mean S.D.
Healthy N Unhealthy N p value
Mother is Black 0.19 0.39 690 0.24 0.43 360 0.029
Mother is Hispanic 0.20 0.4 690 0.15 0.36 360 0.048
Mother is White 0.61 0.49 690 0.60 0.49 360 0.817
Mother’s Age at Birth 27.09 4.18 690 27.67 4.41 360 0.035
Mother’s Education(years) 14.08 2.64 690 14.21 2.39 360 0.439
Averages over 1-5 years before birth:
Mother’s Employment 0.81 0.28 675 0.80 0.29 357 0.64
Mother’s Annual Hours Worked 1543.13 679.05 675 1553.15 659.65 355 0.820
Controls at t = -1
Highest Grade Completed 13.62 2.40 682 13.61 2.10 359 0.931
Mother Had Limiting Conditions 0.05 0.22 612 0.10 0.29 324 0.006
Mother Resided in North East 0.20 0.39 603 0.16 0.37 322 0.246
Mother Resided in North Central 0.26 0.44 603 0.24 0.43 322 0.584
Mother Resided in South 0.35 0.48 603 0.40 0.49 322 0.139
Mother on Substance 0.56 0.50 653 0.60 0.49 346 0.218
Mother was on SSI 0.12 0.33 682 0.23 0.42 359 0.000
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Table 3.4: Summary Statistics Of Mother’s Characteristics By Child Health Type For Female Children
Variable Mean S.D. Mean S.D.
Healthy N Unhealthy N p value
Mother is Black 0.23 0.42 788 0.15 0.36 261 0.008
Mother is Hispanic 0.2 0.4 788 0.2 0.4 261 0.999
Mother is White 0.58 0.49 788 0.66 0.48 261 0.029
Mother’s Age at Birth 26.97 4.23 788 28.07 4.27 261 0.000
Mother’s Education(years) 14.03 2.42 788 14.17 2.45 261 0.422
Averages over 1-5 years before birth:
Mother’s Employment 0.78 0.31 772 0.78 0.30 259 0.822
Mother’s Annual Hours Worked 1470.40 670.91 770 1527.92 664.74 259 0.237
Controls at t = -1
Highest Grade Completed 13.49 2.15 779 13.62 2.32 261 0.406
Mother Had Limiting Conditions 0.05 0.22 701 0.08 0.28 230 0.081
Mother Resided in North East 0.21 0.41 693 0.14 0.35 226 0.018
Mother Resided in North Central 0.23 0.42 693 0.27 0.44 226 0.231
Mother Resided in South 0.36 0.48 693 0.34 0.47 226 0.456
Mother on Substance 0.57 0.50 752 0.65 0.48 254 0.032
Mother was on SSI 0.15 0.35 779 0.23 0.42 261 0.002
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Table 3.5: Summary of Results
Male Children
Variable Average Gap S.E. p value % Change S.E.
Participation Rate -0.01 0.024 0.673 1.52 3.61
(Unconditional) Hours Worked -10.88 54.29 0.841 0.91 4.51
(Conditional) Hours Worked -21.45 55.22 0.698 1.71 4.39
Female Children
Variable Average Gap S.E. p value % Change S.E.
Participation Rate -0.034 0.027 0.208 5.04 3.99
(Unconditional) Hours Worked -100.44 62.78 0.11 8.23 5.14
(Conditional) Hours Worked -127.99 65.12 0.05 10.01 5.09
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Post*Limit School Attendance -0.001 -62.26
(0.043) (74.86)
Post*Require Equipment 0.025 -22.72
(0.041) (86.44)
N 12,009 9,733
adj. R-sq 0.347 0.326
Standard errors in parentheses
* p<0.1, ** p<0.05, *** p<0.01
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Post*Limit School Attendance -0.057 -161.23*
(0.040) (84.74)
Post*Require Equipment -0.141*** -252.19**
(0.053) (112.35)
N 12,091 9,820
adj. R-sq 0.357 0.303
Standard errors in parentheses
* p<0.1, ** p<0.05, *** p<0.01
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Table 3.8: Time Metric


















No Health Condition 0.00
Note: These percentages are the number of mothers reporting the child to suffer from any health condition that
limits her school attendance out of the total number of children who were reported to have been suffering from any
of these health conditions.
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Table 3.9: Cost Metric


















No Health Condition 0.00
Note: These percentages are the number of mothers reporting the child to suffer from any health condition that
requires special equipment out of the total number of children who were reported to have been suffering from any of
these health conditions.
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Post*Limit School Attendance -0.179** -614.42***
(0.084) (141.43)
Post*Require Equipment 0.011 -67.46
(0.084) (184.08)
First Stage
IV: Post*Time Metric 0.010*** 0.010***
(0.000) (0.000)
First Stage F stat 52.4 44.09
Cragg-Donald Wald F stat 1234.58 928.28
IV: Post*Cost Metric 0.010*** 0.010***
(0.000) (0.000)
First Stage F stat 31.87 26.49
Cragg-Donald Wald F stat 1234.58 928.28
***p<0.01, **p<0.05, *p<0.1
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Post*Limit School Attendance -0.126 -212.08
(0.089) (231.29)
Post*Require Equipment -0.227** -880.59***
(0.115) (273.48)
First Stage
IV: Post*Time Metric 0.010*** 0.010***
(0.000) (0.000)
First Stage F stat 25.72 22.87
Cragg-Donald Wald F stat 1044.67 778.45
IV: Post*Cost Metric 0.010*** 0.010***
(0.000) (0.000)
First Stage F stat 27.29 24.64




Figure 3.1: Number Of Cases Reported Of Each Health Condition for Male Children
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Figure 3.2: Number Of Cases Reported Of Each Health Condition for Female Children
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Figure 3.3: Impact Of Male Children’s Chronic Health Conditions On Maternal Employment and Annual
Hours Worked
(a) Employment (b) Gap in Employment
(c) Annual Hours Worked (d) Gap in Annual Hours Worked
Notes: The left panels of the figure show event time coefficients for maternal employment and annual hours worked from
equation (3.1) and the right panels present the corresponding gaps in outcomes between the treatment and the control group
along with the 95% confidence intervals for male children. Each coefficient is to be interpreted with respect to event time =
-1. The average gaps (calculated as the mean of the gaps i.e. mean of the α̂js from 1 to 10th event time) for each outcome
variable are reported along with their standard errors and p values. These regressions control for mother’s age at birth,
race, highest grade completed (at t=-1), health (t=-1), region of residence (t=-1), marital status (t=-1),substance use during
pregnancy, whether received SSI (t=-1), and age and calendar year dummies. The effects on earnings and hours worked are
conditional on being employed. All standard errors are clustered at the mother level.
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Figure 3.4: Impact Of Female Children’s Chronic Health Conditions On Maternal Employment and Annual
Hours Worked
(a) Employment (b) Gap in Employment
(c) Annual Hours Worked (d) Gap in Annual Hours Worked
Notes: The left panels of the figure show event time coefficients for maternal employment and annual hours worked from
equation (3.1) and the right panels present the corresponding gaps in outcomes between the treatment and the control group
along with the 95% confidence intervals for female children. Each coefficient is to be interpreted with respect to event time
= -1. The average gaps (calculated as the mean of the gaps i.e. mean of the α̂js from 1 to 10th event time) for each outcome
variable are reported along with their standard errors and p values. These regressions control for mother’s age at birth,
race, highest grade completed (at t=-1), health (t=-1), region of residence (t=-1), marital status (t=-1),substance use during
pregnancy, whether received SSI (t=-1), and age and calendar year dummies. The effects on earnings and hours worked are




Appendix A Child Ever On Medicaid
Medicaid provides health coverage to millions of Americans, including eligible low-income
adults, children, pregnant women, elderly adults and people with disabilities. Medicaid is admin-
istered by states, according to federal requirements. The program is funded jointly by states and
the federal government. Medicaid financed nearly 43% of all births in the United States (2018). By
federal law, all states provide Medicaid coverage for pregnancy-related services to pregnant women
with incomes up to 133% of the federal poverty level (FPL) and cover them up to 60 days postpar-
tum (Kaiser Family Foundation, 2017).7 On average, infants up to 210% of the FPL are eligible
for Medicaid coverage (2019).The Medicaid program provides coverage to 27 million children under
age 18 in the United States.8 If family’s income is too high for Medicaid, child may still qualify for
the Children’s Health Insurance Program (CHIP). It covers medical and dental care for uninsured
children and teens up to age 19. States have different income eligibility rules, but in most states,
children up to age 19 with family income up to $50,000 per year (for a family of four) qualify for
Medicaid or the CHIP.
Strumpf (2011) did not find any evidence that women who were eligible for Medicaid de-
creased their labor supply relative to ineligible women, in contrast to clear theoretical predictions of a
negative supply response. Medicaid eligibility expansions for children were associated with increased
labor force participation and reduced welfare participation among single mothers (Yelowitz, 1995).
However, Ham and Shore-Sheppard (2005) re-examined Yelowitz’s research question and concluded
that there is no evidence detectable in the CPS data of a relationship between welfare or labor force
participation and the Medicaid income limits.9
Table A1 reports the average gaps (from estimating equation (1.1)) in maternal labor market
outcomes by child health type for children who are reported to be on Medicaid. This sample consists
of those children who have ever reported to be on Medicaid anytime in the ten year window after
birth. 24.47% children in my sample are reported to ever have access to Medicaid. The results
suggest there is no significant gap in participation rate or annual hours worked on average between
the treatment and the control group. However, the gap in earnings (unconditional on working) is
7 Yearly guidelines: Poverty guidelines and federal register references. Accessed August 2020.
8 Federal and State Share of Medicaid Spending: 2019 shares. Accessed August 2020.
9 They argue that Yelowitz imposed a restriction on the parameter estimates not predicted by theory and rejected
in the data, and he used only one of two income tests that families must pass to be eligible for welfare.
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significant at 10 % level. It is to be noted that a small sample size can drive some of these estimates.
Table A1: Impact Of Children’s Chronic Health Conditions On Maternal Labor Market Outcomes For
Children Who Report To Be On Medicaid
Variables Average Gap S.E. p value
Participation -0.009 0.032 0.758
(Unconditional) Annual Hours Worked -21.48 67.57 0.751
(Conditional) Annual Hours Worked -6.36 71.93 0.931
(Unconditional) Annual Earnings ($) -1,858.24 1,124.25 0.099
(Conditional) Annual Earnings ($) -1,883.85 1224.788 0.125
Note: These estimates are from event study regressions (equation (1.1)). All the regressions control for mother’s age at birth,
race, highest grade completed (at t=-1), health (t=-1), region of residence (t=-1), marital status (t=-1),substance use during
pregnancy, whether received SSI (t=-1), and age and calendar year dummies. All standard errors are clustered at the mother
level. The average gaps (calculated as the mean of the gaps i.e. mean of the α̂js (equation (1))from 1 to 10th event time)
for each outcome variable are reported along with their standard errors and p values.
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Appendix B Ever On Supplemental Security Income
Supplemental Security Income(SSI) is a source of federal income support targeted towards
low-income individuals who meet eligibility requirement of age or disability status. This is partic-
ularly helpful to alleviate the financial and time demands for families with children suffering from
severe impairments. A child may be eligible for SSI disability benefits beginning as early as the
date of birth as there is no minimum age requirement. A child may be eligible for SSI disability
benefits until attainment of age 18 (under definitions of childhood disability) and after that they are
reevaluated on their impairments based on the definition of disability for adults.10 Income limits
of parents are calculated by a process called deeming where it is determined whether a child would
qualify for benefits based on the income/resource requirements for their parents.11Duggan et al.,
2015 provides a thorough discussion on the background and evolution of the SSI program.
Table A2 reports the average gaps (from estimating equation (1)) in maternal labor market
outcomes by child health type for children who are reported to be on Supplemental Security Income.
This sample consists of those children who have ever reported to be on SSI anytime in the ten year
window after birth. Around 16% children in my sample are reported to ever have access to SSI. The
findings suggest that there is no significant difference on the extensive margin or intensive margin
between the treatment and the control group. Rupp and Ressler, 2009 found very weak association
between child’s SSI receipt and parental employment. However, they concluded that there is some
substitution between parental employment and family care giving time. These results are based on
a small sample size.
10 A list of childhood health conditions that are eligible for disability evaluation under SSI is linked here.
11 A detailed discussion on the deeming procedure is available here.
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Table A2: Impact Of Children’s Chronic Health Conditions On Maternal Labor Market Outcomes For
Children Who Report To Be On Supplemental Security Income
Variables Average Gap S.E. p value
Participation -0.032 0.041 0.428
(Unconditional) Annual Hours Worked -75.03 83.96 0.372
(Conditional) Annual Hours Worked -49.642 91.44 0.588
(Unconditional) Annual Earnings ($) -1,856.61 1541.42 0.229
(Conditional) Annual Earnings ($) -1,644.44 1693.34 0.332
Note: These estimates are from event study regressions (equation (1.1)). All the regressions control for mother’s age at birth,
race, highest grade completed (at t=-1), health (t=-1), region of residence (t=-1), marital status (t=-1),substance use during
pregnancy, whether received SSI (t=-1), and age and calendar year dummies. All standard errors are clustered at the mother
level. The average gaps (calculated as the mean of the gaps i.e. mean of the α̂js (equation (1))from 1 to 10th event time)
for each outcome variable are reported along with their standard errors and p values.
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